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Abstract
In an indoor propagation environment, the position of an Object of
Interest (OOI) is typically estimated by cleverly manipulating range
or proximity measurements that are obtained from a series of refer-
ence node combinations. In a noise-free propagation scenario, these
measured parameters are fed into conventional position estimation
techniques and an accurate estimate of the OOI’s position is obtained.
In practice, the propagation scenario is never quite noise-free; hence
the OOI’s position estimate is obtained in error. Ultra-Wideband
(UWB) is a wireless communication technology that is able to resolve
individual multipath components and this ensures that it is capable
of estimating the arrival time of the first signal path. The implica-
tion of this lies in the fact that the accuracy of the range or proximity
measurements obtained from the reference node combinations is guar-
anteed; hence leading to a reliable estimate of the OOI’s position.
In the research work presented in this thesis, the body of knowledge
that relates to indoor position estimation is advanced upon. With a
primary focus of enhancing the estimation accuracy of indoor posi-
tion estimation systems, UWB is utilised as the underlying wireless
communications technology. The challenges faced by current UWB-
based position estimation systems are identified and tackled directly.
Specifically, the position estimation error that is due to multipath
propagation is addressed and a pre-localisation algorithm that serves
the purpose of resolving individual multipath UWB signals in the
immediate environment is proposed.
Additionally, a novel position estimation technique coined as Time
Reflection of Arrival (TROA) is presented in this thesis. Through a
series of Mean Squared Error (MSE) and Crame´r-Rao Lower Bound
(CRLB) analyses, TROA is shown to be very effective when compared
to TOA and the typically unvoiced TSOA technique. In the last sec-
tion of this thesis, an application of UWB in the area of Biomedical
Engineering is demonstrated. Specifically, UWB-based position esti-
mation is used to define a novel fall detection algorithm tailored for
Dementia patients.
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Chapter 1
Introduction
1.1 Indoor Position Estimation
The continuous need for the ability to determine the absolute position(s) of an
Object of Interest (OOI) at any given time is and always will be a multidis-
ciplinary necessity. In medicine, the OOI is usually the patient; and with the
recent advances in the ‘Telecare’ vision, the patient monitoring and catering pro-
cess seem to be on the verge of switching from their wholly human dependence
to technology driven alternatives [1–6]. The telecare vision postulates that an es-
sential component of any technologically driven alternative solution should be a
means to closely and remotely monitor and cater for the patient; and this is where
the full effect of having an accurate position estimation system is felt [1, 2, 5].
Regardless of the underlying task any remote monitoring system is designed to
complete, the need to ascertain and estimate the position of the patient being
monitored will always be paramount. A system equipped with a non-accurate
position estimation component ensures that the monitoring process is compro-
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mised from the very start for a patient whose care is reliant on the accurate
estimation of their real time location. In engineering, the OOI is generally either
a mobile or a fixed device; and is often referred to as the Node of Interest (NOI)
[7]. As an example, if engineering driven Location-Based Services (LBS) such as
real time resource tracking and specific business or service locators within a fixed
geographical area are considered, the NOI would be the resource being tracked
and the business or service being located respectively [8]. The primary drivers
of such services are the real time positions of the respective NOI’s; hence in an
event whereby the position estimation technique incorporated in the LBS is not
accurate, the expectation is that the desired result from the resource tracking
or service locating process is never achieved. Due to the apparent practical sig-
nificance a successful realisation of an accurate position estimation technique or
system would mean to a wide range of disciplines, both academic and industrial
interest in position estimation research has seen an increase that is not short of
the exponential [7, 9–15].
Regardless of it being carried out in either an indoor or outdoor environment,
position estimation or localisation can be fundamentally defined as the estima-
tion of the location of a NOI within a two-dimensional (2-D) or three-dimensional
(3-D) solution space by means of an explicit cartesian coordinate system transla-
tion [7, 16–19]. This translation comes in the form of matching fixed or unfixed
real-time positions of the localisation task-specific reference nodes in the defined
environment with their cartesian coordinate equivalents; and thereafter placing
them explicitly into either the 2-D or 3-D solution space. Conventionally, these
task-specific reference nodes which are also referred to in literature as anchor
nodes, beacons, landmarks, land references or simply references; are typically
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receivers (i.e. they can only receive signals propagated in the specified environ-
ment) but could also take the form of transceivers (i.e. they can transmit and
also receive signals propagated in the specified environment) depending on the
technique being employed to complete the specified localisation task [7]. Prior
to the translation of their real-time positions onto the coordinate system, the
reference nodes (RNi=1,2,3,...n) are typically placed in a very deliberate manner
in the relevant indoor or outdoor environment; a manner which is trivial in con-
cept and consequently unvoiced in literature. The integer value of the subscript
‘n’ is wholly dependent on both the solution space (i.e. 2-D or 3-D) and the
specified solution to the localisation task. However, as a rule of thumb, if ‘n’ is
equal to xnumber
1 in the 2-D space of a specified solution, the inadvertent value
of ‘n’ in the 3-D space of the same specified solution should be ideally ‘xnumber
+ 1’. Essentially, to determine the 3-D location of a NOI using an algorithmic
extension of a technique used to determine its 2-D location, the ideal additional
hardware requirement is a single reference node. In an initial attempt to cater for
the environmentally driven constraints and also enhance the Line-of-Sight (LOS)
provisioning for a specified solution to the localisation task, the aforementioned
deliberate placement of the reference nodes usually involves the arrangement of
each of them in such a way that there is a somewhat optimal LOS provisioning
to complete the task when intrinsic position estimation or localisation limitations
are considered [7, 18–20].
As depicted in Figure 1.1, the underlying idea behind the localisation of a NOI
using these carefully placed reference nodes is to make distance, range, angle, Re-
ceived Signal Strength (RSS) and other relevant range or proximity measurements
1xnumber = Total number of reference nodes required to solve the position estimation task
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based on a properly structured pairing methodology between subsets of the care-
fully placed RNi=1,2,3,...n, and the NOI itself [7, 18, 19]. Based on the pairing
methodology and the nature of the invoked position estimation technique, each
pairing between the NOI and the corresponding subset usually leads to the defi-
nition of two or more ambiguous coordinates with the possibility of one of them
being the location (absolute, relative or semantic) of the NOI.
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Figure 1.1: Spatially placed reference nodes in a defined environment
This coordinate ambiguity problem is eliminated once the pairing between the
NOI and all the individual subsets in the structure have been completed; and a
parameter driven cross-correlation is done to determine the true location of the
NOI [7]. Ideally, on completion of all these localisation steps (i.e. the deliberate
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arrangement of reference nodes, the coordinate system translation, the structured
pairing between NOI and reference node subsets; and the cross-correlation), the
location of the NOI is determined [7, 18]. However, in practice this idealistic so-
lution to the localisation task is never realised due to a number of factors which
range from incorrect reference node placements and location defining parame-
ter measurement errors, to environmentally driven interferences. In subsequent
chapters of this thesis, these factors as well as their direct impact on position
estimation accuracy are detailed extensively.
1.2 Ultra-Wideband (UWB)
Ultra-Wideband (UWB) is a radio communication technology that is charac-
terised by a large instantaneous bandwidth which typically exceeds the bandwidth
required to effectively perform a wide range of communication tasks [21]. This
large instantaneous bandwidth is one of the major differences between UWB and
other narrowband communication technologies such as Global Positioning Sys-
tems (GPS), Personal Communication Systems (PCS), IEEE 802.11 and IEEE
802.11x2 Wireless Local Area Network (WLAN) family, and ZigBee. The unique
properties it presents have seen both industrial and academic interest in the UWB
technology increase exponentially in recent years [21, 23, 24]. Despite its rela-
tively recent commercial introduction, the UWB technology as a whole has been
in existence for a life span that is in order of decades. The usage of the UWB
radar spans for over 40 years to date; and its application area has evolved from its
2x = a (Frequency: 3.7/5 GHz, Bandwidth: 20 MHz), b (Frequency: 2.4 GHz, Bandwidth:
22 MHz), g (Frequency: 2.4 GHz, Bandwidth: 20 MHz), n (Frequency: 2.4/5 GHz, Bandwidth:
20/40 MHz), ac (Frequency: 5 GHz, Bandwidth: 20/40/80/160 MHz) [22]
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earlier exclusive usage in military applications to its current use in state-of-the-art
positioning, radar and medical applications [19, 21, 23, 24].
1.2.1 Commercialisation and Regulation of UWB
The commercial introduction and subsequent emergence of the UWB technology
began in February 2002 in the Unites States of America (USA) when the Federal
Communications Commission (FCC) issued a ruling that permitted the unli-
censed usage of UWB for the purpose of data communication subject to emission
constraints [23, 24]. The FCC’s ruling which is also referred to as its ‘First Re-
port and Order’ ensured that UWB-based systems were permitted to operate unli-
censed within the 3.1 - 10.6 GHz frequency band of the electromagnetic spectrum;
and this inadvertently meant that the UWB technology was allocated a band-
width of 7.5 GHz which to date is still the largest bandwidth allocation for any
commercial system. The mere fact that the allocated bandwidth was license-free
ensured that research and development into potentially ground breaking UWB
systems and applications, gathered a huge amount of momentum. However, as is
the case with any new and emerging technology, UWB’s commercial introduction
was met with a great deal of resistance. Majority of the resistance came from
mainstream technologies and work groups such as IEEE 802.11 WLAN, ZigBee
and GPS; and their main concern has been tailored around the fact that they
believe the large instantaneous bandwidth of the UWB technology would inter-
fere with their technologies in a very destructive way [21, 23]. This potential
interference issue was subsequently looked into by the FCC, and another ruling
was made. The revised ruling ensured that the UWB technology remained oper-
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ational in the previously allocated spectrum but was only able to transmit UWB
signals with very low power because theoretically that would hinder any inter-
ference that could potentially result in the degradation of the existing systems.
Notably, this revised ruling by the FCC has resulted in the severely restricted
operation of UWB in both indoor and outdoor applications. For indoor applica-
tions, UWB’s operations are restricted to short-range wireless communication in
the order of tens of metres for high data rates which are typically greater than
100 Mbps [24]. Conversely, for outdoor applications, UWB’s operations are re-
stricted to extremely low data rates that are typically less than a few Mbps for
distances that are in the order of a few hundreds of metres [23]. However, this
operational duality ensures that individual UWB based systems can be designed
to operate in various modes as either communication devices, radars or tracking
devices. Essentially, the operational duality of UWB is a testament to its ability
to continuously shift between high data rate-short link distance applications to
low data rate-short link distances. The exceptionally low transmit power allo-
cated to the UWB technology by the FCC, results in the generation of low energy,
relatively short information-bearing and multiple UWB pulses or signals that are
used for data communication in the allocated spectrum [23, 24]. To alternate
between the high data rate-short link distance mode and the low data rate-long
link distance mode, the number of UWB pulses that is used to transmit 1 bit
of data, is varied [23, 24]. As [21, 23, 24] explain it, increasing the number of
UWB pulses used for the transmission of 1 bit of data, reduces the data rate and
inadvertently increases the transmission distance.
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1.2.2 Fundamentals of UWB
As it was briefly mentioned in the previous section, UWB had been exclusively
used in military applications for a number of decades prior to the FCC ruling
in 2002 which led to its commercialisation [21, 23, 24]. In accordance with this
FCC ruling, a signal or pulse is deemed as one of a UWB nature if it either has
a fractional bandwidth (Bf ) which is greater than 20% or if its instantaneous
spectral occupancy is in the excess of 500 MHz. Also in accordance with the
FCC ruling and with reference to [25], Bf is mathematically defined as:
Bf =
B
fc
(1.1)
where B denotes the -10 decibels (dB) bandwidth and is calculated as the differ-
ence between the upper frequency of the -10 dB emission limit (fH) and the lower
frequency of the -10 dB emission limit (fL). fc denotes the centre frequency of the
signal or pulse and is calculated as half of the sum the lower and upper frequency
(i.e. (fH + fL)/2). The FCC ruling stipulates that UWB systems with fc values
that are greater than 2.5 GHz, are required to have a B value that is not less than
500 MHz [25, 26]. Additionally, it stipulates that UWB systems with fc values
that are less than 2.5 GHz are required to have Bf values of nothing less than
0.20. As depicted in Figure 1.2, the 7.5 GHz bandwidth allocated to the UWB
technology which spans from 3.1 GHz to 10.6 GHz, leads to the technology being
overlaid on most of the existing narrowband radio communication technologies.
According to literature, the emergence of the UWB technology as well as this
inadvertent overlay resulted in the FCC receiving about 1000 oppositions to their
ruling [24]. Consequently, the FCC proceeded to regulate the power levels they
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Figure 1.2: FCC spectral mask for indoor UWB systems [19]
they made available to UWB for transmission. Specifically and as it can be
deduced from Figure 1.2, the FCC limited the Effective Isotropic Radiated Power
(EIRP) emission limit for UWB transmission in the allocated spectrum that spans
from 3.1 GHz - 10.6 GHz to approximately -41.25 dBm/MHz (i.e. the Part 15
limit [25]). Essentially, this means that if the whole allocated spectrum is used
optimally, the maximum power available for signal transmission using a UWB
transmitter, is approximately 0.562 mW3. Due to this FCC limitation on the
EIRP, UWB signals are known to minimally interfere with existing narrowband
radio communication. This is because the Part 15 limit is usually reserved for
unintentional radiations from appliances such as PC monitors and TV’s [25].
With reference to Figure 1.2, the 0.96 GHz - 3.1 GHz spectrum consists of a
number of allocations for other wireless systems. The 1.56 GHz - 1.61 GHz
3Power = 0.001 × 10(−41.25/10) × 7500 = 0.562 mW
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spectrum is allocated to GPS, the 1.85 GHz - 1.99 GHz spectrum is allocated
to PCS, and the 2.4 GHz - 2.48 GHz is allocated to bluetooth, cordless phones,
microwave ovens and IEEE 802.11b [19].
Typically, to facilitate any form of data transmission, UWB systems rely on
pulse waveforms that have ultra-short durations. These pulse waveforms are car-
rier free and have the ability to operate at baseband [23, 24]. The significant
lack of carriers which is one of the many characteristics of the UWB technology
highlights another major difference between radio communication based on nar-
rowband technologies and communication based on UWB. The ultra-short pulse
duration corresponds to the large spectral occupancy of UWB; and this theo-
retically paves a way for potentially ground breaking radar and communication
applications [23]. The large spectral occupancy or bandwidth of UWB enhances
the capability of UWB signal penetration through walls and general obstacles
due to the fact that the UWB signal consists of various frequency components.
Specifically, for radar applications, the large bandwidth results in very high pre-
cision ranging whose accuracy lies in the sub-centimetre region. [21, 23, 24]. For
communication applications, the large bandwidth allows for scenarios whereby
high data rates and high user capacity are simultaneously achieved while the
amount of processing power required remains extremely low [23, 24].
1.2.3 Advantages of UWB
In addition to the advantageous effects of the large bandwidth of UWB on data
communication, there are also a number of other significant advantages the UWB
technology presents which makes it relevant for a host of diverse applications.
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These diverse applications are typically either communications, ranging or radar
based, and they include health-care, medical imaging, emergency support, intel-
ligent sensing, indoor tracking of target objects, biomedical instrumentation and
robotics [19]. Particularly, the key advantages of UWB which makes it suitable
for these applications are as thus:
• Low Probability of Unwanted Detection: With the combination of
its very low Power Spectral Density (PSD) and its pseudo-random char-
acteristics which is utilised for spreading, UWB systems benefits from the
generation of noise-like signals that have very low probabilities of inter-
ception or detection. This feature significantly reduces the probability of
unwanted detection, and makes UWB well sought-after for a host of surveil-
lance, tracking and remote monitoring applications [24].
• Reusability of the UWB Radio: Due to its relatively low PSD, UWB
based systems make provision for the spatial re-use of its radio source [23].
This essentially means that UWB radio terminals that are located at dis-
similar locations are able to use the UWB channel simultaneously as long
as the separation distances between them is enough to ensure that mutual
interference does not affect any transmission.
• Robustness to Multipath and Jamming: The discontinuous transmis-
sion of UWB signals when combined with the extremely large frequency
diversity its huge bandwidth offers, enables UWB to perform robustly in
severely dense multipath environments. The combination of these inher-
ent properties enables UWB exploit more resolvable paths, and this conse-
quently leads to a constant achievement of high levels of multipath resolu-
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tion [24]. Additionally, this combination ensures that the transmitted UWB
signal is resistant to jamming or interference by surrounding narrowband
systems; and also resistant to multipath fading [24].
• Very Low Complexity and Implementation Cost: The low complex-
ity and implementation cost of UWB based systems is attributed to the
baseband nature of the signal transmission. With the transmitted UWB
signals or pulses being carrier-less and characteristically having ultra short
durations, they can be directly propagated without the extra transmission-
driven requirement of conventional narrowband systems. Typically, conven-
tional narrowband systems would require Radio Frequency (RF) mixers at
the transmitting end to translate the baseband signal into a frequency that
has the relevant propagation characteristics [24]. This translation usually
consists of mixing the baseband signal with a carrier frequency; and in most
cases, on completion of the translation, the resultant signal goes through
linear power amplification before it is ready for propagation [24]. At the
receiving end, the propagated signal is down-converted on arrival by the
use of local oscillators and phase tracking loops. In UWB based systems,
the wideband nature of the signal used for propagation ensures that the
UWB signal spans across frequencies that are typically used as carrier fre-
quencies; hence up-converting it becomes irrelevant [24]. Consequently, the
RF mixer, local oscillator and phase tracking loops become redundant; and
UWB based systems can be implemented with little complexity and at a
very low cost.
• High Range Resolution: Due to the narrow nature of the UWB time-
12
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domain pulses, UWB has the potential to offer a fine temporal resolution
which allows for precise location estimation [23, 24]. According to literature,
the level of precision offered by UWB is theoretically a lot better than GPS
and other narrowband radio systems [24, 27]. Additionally, in as much as
the usage of GPS has its general merits, it is widely known that they are
incapable of working in an indoor environment, incapable of working amidst
any obstruction to their propagation path, costly, energy prohibitive and
are not adequately robust to jamming in some applications [26].
1.2.4 UWB vs. Narrow-band Technology
Albeit very fundamental, the specific advantages of UWB that emphasises its
superiority when compared to the narrow-band technologies, are as follows:
• In harsh propagation environments, narrow-band systems suffer severely
from fading which is due to the scattering or reflection of the transmit-
ted signal(s) in the expected multipath propagation scenario [21, 28]. The
transmitted signals are typically periodic waveforms; hence the superposi-
tion of the inversely phased signals result in overlapping and subsequent
cancelations (i.e. destructive interference). Practically, this means that
over space, frequency or time, the signal quality will continue to fluctuate
intermittently. To combat fading, diversity is collected over space, time or
frequency with multiple antennas. Diversity is defined as the number of
independent or uncorrelated copies of the information-bearing signal that
is available at the receiver [21, 24]. It is often attributed to operations such
as channel coding, frequency hopping and interleaving which is carried out
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at the transmitting end. In a communication system, diversity is inherently
provided by the channel while the transmission scheme and the receiver en-
ables and collects it respectively [29]. The comparatively large bandwidth of
UWB ensures that in harsh propagation environments, the effect of fading
is minimal. With the transmit pulse of UWB based systems being so small
that their periodic parts are almost negligible, single multipath reflections
can be resolved at the receiver. Additionally, the signal components from
the environment driven multipath propagation do not overlap; hence there
is no destructive interference and UWB systems are a lot less vulnerable to
fading.
• With the scarcest and most valuable resource in narrow-band systems being
the bandwidth, the major design goal is typically to transfer the maximum
number of bits per second per hertz (bps/Hz) within a specified transmit
power constraint [24, 29]. In order to achieve good system performances
and high data rates, both complex signal processing and extremely expen-
sive computations are required at both the transmitting and receiving ends.
With system design using UWB, the comparatively large bandwidth avail-
able to the technology ensures that the emphasis shifts from bandwidth
efficiency to the optimisation of the employed transmitters and receivers
for low complexity and low power operation by the application which the
system is designed for [29].
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1.3 Motivations
As a direct consequence of both UWB’s fine temporal resolution and its low im-
plementation cost, it is widely regarded as a unique technology choice for the
implementation of a wide range of short-range and low-data rate communication
applications [19, 21, 23, 24]. Particularly, these properties sets it apart from
other communication technologies when applications such as time-based indoor
position estimation is considered [19]. As discussed earlier, despite GPS’s numer-
ous merits, it is not able to operate in indoor environments; and environments
that present it with obstructions; hence it is not suitable for indoor position es-
timation [26]. Conversely, time-based indoor position estimation using UWB is
feasible in indoor environments as well as environments that present it with an
obstruction to its propagation path [21]. Additionally and a bit more significantly,
time-based positioning using UWB allows for a position estimation accuracy that
is in the order of tens of centimetres (cm) [19, 21, 23, 24, 26]. The unequivocal
reason for this level of position estimation accuracy using UWB is best explained
by equation 1.2 as it is done in [21, 23, 24, 30, 31].
√
Var(dˆ) ≥ c
2
√
2pi
√
SNRβ
(1.2)
Equation 1.2 is the widely known expression for the lower bound on the best
achievable accuracy of a distance estimate which is obtained from a specified
Time of Arrival (TOA) estimator [30]. TOA based position estimation is ex-
plained explicitly in the next chapter, however this expression of its lower bound
is introduced early on to explain UWB’s significance. Where ‘c’ represents the
speed of propagation (i.e. speed of light), ‘SNR’ represents the signal to noise
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ratio, ‘dˆ’ represents the distance estimate and ‘β’ represents the effective signal
bandwidth, it can be deduced that the accuracy of the TOA based positioning
technique is significantly enhanced by an increase in either the effective signal
bandwidth or the SNR [30].
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Figure 1.3: SNR vs. Minimum Standard Deviation for TOA
As mentioned, the accuracy of time-based position estimation approaches can
also be improved by increasing the SNR. Just as Figure 1.3 depicts, the standard
deviation4 of the TOA position estimate increases at low values of SNR; hence
the accuracy of the TOA approach decreases at low SNR values. With reference
to Figure 1.3 once again, despite the fact that low SNR values result in a loss
of accuracy, an increase in signal bandwidth (i.e. a reduction in pulse width of
the UWB signal) leads to an overall reduction in the standard deviation which
consequently increases the accuracy of the TOA position estimation approach
4 Standard deviation =
√
Var(dˆ)
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[19]. Recalling that UWB characteristically has a huge bandwidth, it suffices to
conclude that UWB inherently enhances the accuracy of TOA based positioning.
With most time-based positioning techniques being an intuitive derivative of TOA
(i.e. Time Difference of Arrival (TDOA) is the difference between two TOA
measurements and Time Sum of Arrival (TSOA) is involves the summation of
two or more TOA measurements), it also suffices to conclude that their overall
accuracies will also be influenced by an enhanced value of β.
1.3.1 Application in Telecare
The act of using technologically-driven methods to directly or indirectly care
for the elderly and/or physically challenged people, is referred to as ‘Telecare’ [1–
6, 32]. In telecare, the caring ranges from the remote monitoring of the biophysical
conditions of the Patient in Care (PIC) to the remote monitoring and subsequent
adjusting of the environmental conditions to suit the needs of the PIC where
applicable [1, 2, 32–36]. At either ends of this range, telecare envisions a sce-
nario whereby the designed monitoring system has built-in functionalities which
facilitate its real-time response to conditions of the PIC that have been deemed
as potentially fatal [2, 32]. Typically, the monitoring system responds to these
conditions by notifying a pre-defined nearby hospital or primary care-giver about
the PIC’s condition; and on reception of this notification by either recipient, the
necessary countermeasure is taken [2]. A standardised architecture that governs
the design of a telecare system is yet to be defined, however, intuitively the ar-
chitecture of a fully functional telecare system should comprise of a central hub
and a monitoring unit [32]. The central hub could be further divided into three
17
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building blocks namely the ‘localisation block ’, ‘sensor network block ’ and the
‘communications block ’ [32].
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Figure 1.4: Monitoring unit snapshot of the ideal Telecare System
Collectively, the central hub would be responsible for continuously determining
the real-time location of the PIC within the defined environment; continuously
monitoring the real-time physiological conditions of the PIC; and communicating
collated monitoring data to the designated monitoring unit [32]. As depicted in
Figure 1.4, the monitoring unit will ideally be placed at the Observing End (OE)
which could either be a pre-defined nearby hospital or the residence of the primary
care-giver. The monitoring unit should ideally be able to give the current location
of the PIC as well as the status of all the physiological sensors attached to them,
to anyone at the OE at any time during the day. Other secondary information an
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OE viewer would typically be able to receive via the monitoring unit include the
current state of the room the PIC is in, the real-time status of all sensor nodes
in the immediate environment of the PIC and the battery life information of all
sensor nodes. Of the three building blocks of the central hub, the primary focus
of the research work presented in this thesis lies within the ‘localisation block ’;
and the influence UWB has on ensuring that its accuracy is assured.
In recent years, the emergence of the UWB technology; and its promise of
ensuring that indoor position estimation is achieved efficiently with high accuracy,
has drawn keen interest in both academic and industrial based research activities
[21, 23, 24, 37–39]. The research work presented in this thesis focuses primarily
on the aforementioned efficiency and accuracy promise of the UWB technology
with an aim of positively influencing the fundamental role of a typical localisation
block (i.e efficiently and effectively determine the position of a NOI).
1.4 Thesis Outline
The primary aim of the research work presented in this thesis is to advance the
current state of knowledge in the area of UWB-based indoor position estimation.
This advancement is tailored strategically towards potential indoor biomedical
and medical applications; with particular emphasis on Telecare. This research
work explicitly tackles relevant hardware requirements and accuracy issues that
current position estimation techniques face; and subsequently demonstrates how
UWB is capable of both reducing the hardware requirements and enhancing the
position estimation accuracy. With a view of applying it in a wide range of Tele-
care applications, a novel and wholly UWB-based position estimation technique
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coined as Time Reflection of Arrival (TROA) is also presented in this thesis.
TROA is defined using the fundamental principles of Geometric Multilateration
(GM); the inherent properties of the UWB technology; and the response(s) of
the employed UWB pulse/signal to both the defined indoor propagation environ-
ment and the NOI. By means of a series of comparative analyses, it is shown
that TROA is capable of achieving an accuracy that is better than conventional
position estimation techniques. In the latter phases of this work, a novel fall de-
tection algorithm that demonstrates the direct application of UWB in Telecare,
is presented. The structure of this thesis is as thus:
Chapter 2 details the basics of the UWB communications system and intro-
duces a few fundamental concepts that are relevant to the research work presented
in this thesis. It also classifies position estimation systems, gives an overview of
existing position estimation techniques; and concludes by detailing the state-of-
the-art techniques in UWB based position estimation.
Chapter 3 consists of two parts. In the first part, a complete 2-D posi-
tion estimation solution is presented. The presented solution comprises of a pre-
localisation algorithm that addresses the multipath issues; and the subsequent
geometric solution to the estimation problem. The pre-localisation algorithm
makes use of the reflection properties of UWB signals to extract position defining
information from the reflected signals in the multipath environment; and ulti-
mately reduces the multipath propagation scenario into a two-path propagation
scenario based on these extracted information. The extraction process involves
the regular sampling of the received signals, correlating the sampled signals with
a predefined database of template reflected signals; and finally using a decision
engine to determine the signals that would be required to complete the desired
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localisation task. As a direct consequence to this pre-localisation, the latter parts
of this chapter shows that by carefully considering the inherent properties of the
UWB technology, UWB based 2-D position estimation can be efficiently achieved
by using just two (2) receivers and one transmitter which contrasts current geo-
metric approaches which require at least three (3) receivers and one transmitter
to complete the same task. In the second part, a 3-D extension to a previously
proposed 2-D UWB-based elliptical localisation (EL) technique is presented. It
is shown that by homing in on UWB’s inherent properties, the 3-D position of
the NOI can be determined by splitting the 3-D solution space into two inde-
pendent 2-D solution spaces. Thereafter, range measurements are made based
on the combination of a single transmitter and three receivers that are placed in
the environment of interest. Quite significantly, it is once again illustrated that
the hardware requirement which for 3-D position estimation is currently set to at
least four receivers and one transmitter can be reduced using UWB.
Chapter 4 presents the novel, UWB-based geometric multilateration tech-
nique which is coined as Time Reflection Of Arrival (TROA). TROA is defined to
improve position estimation errors by carefully considering the inherent properties
of the UWB technology; and specifically the reflection properties of transmitted
UWB signals. By a direct comparison between TROA and two widely used mul-
tilateration techniques, it is shown that indoor position estimation can be done
much more effectively using the proposed solution. A new Crame´r-Rao lower
bound for TROA multilateration is also derived and used to show its level of
efficiency.
Chapter 5 presents a novel UWB driven algorithm that performs the task
of detecting unrecovered falls by an Alzheimer’s Disease (AD) patient by cleverly
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using their location information to determine their real-time postural orientation
in a specified indoor environment. To achieve this, the real-time vertical distance
between the ground (i.e. coordinate 0,0,0) and a defined point on the patient’s
body, is continuously correlated with a pre-defined distance range which is anal-
ogous to the specific fall defining postural orientations to determine the patients
current orientation.
Chapter 6 summarises the main conclusions drawn in this research work and
highlights its contributions to the overall body of knowledge. This chapter also
details the directions for future work based on this research.
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Related Work
In this chapter, an introduction to the UWB communications system is detailed.
This introduction covers the representation and attributes of the UWB signal;
the conventionally and universally adopted UWB propagation channel models;
the available data modulation schemes; and the UWB receiver design process. In
the latter sections of this chapter, a characterisation/taxonomy of indoor position
estimation systems; a basic introduction to time-based position estimation; and
the state-of-the-art with regards to UWB-based position estimation applications,
are all detailed.
2.1 UWB Communications System
Recalling and summarising the introductory remarks on UWB which were given
in chapter 1, intrinsic properties such as low complexity with regards to circuit
design, relatively low implementation cost, ability to resolve multipath signals
in the immediate environment, and a remarkable time-domain resolution which
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facilitates task based precision that lies in the ‘cm’ region, has seen the UWB
technology propel from its prior exclusive usage in military applications to be-
coming the principal candidate in the search for potential technology enablers for
future applications and systems [17, 24, 40]. Of all its potential future applica-
tions, its role in ensuring that indoor position estimation and target detection
is achieved efficiently and with high accuracy seems to be one that has drawn
a keen interest in both academic and industrial based research activities; and is
well documented in literature [7, 17–19, 21, 23, 24]. Prior to detailing UWB’s
effectiveness in ensuring accurate position estimation, a basic introduction to the
UWB communications system is given.
There are two types of UWB communications systems, they are Impulse Radio
UWB (IR-UWB) and Multi-Carrier UWB (MC-UWB). IR-UWB benefits from
a carrier-less transmission which ensures that the implementation cost of an IR-
UWB based system is significantly reduced. The design of IR-UWB based signals
which was predominantly developed and coined by [41], is based on conveying the
necessary information by the transmission of ultra- short pulses which are in the
order of nanoseconds or picoseconds. In contrast to conventional radio communi-
cation technologies, in IR-UWB a train of baseband pulses with short durations
(i.e. very high bandwidth) represents a transmit signal; and hence it does not
rely on a modulated sinusoidal carrier to communicate information. IR-UWB
can be further divided into two sub-categories namely Time Hopping Impulse
Radio UWB (TH-UWB) and Direct Sequence Impulse Radio UWB (DS-UWB)
[23, 24]. Typically, UWB signal design using TH-UWB involves the division of
time into multiple frames which comprises of chips of ultra-short durations. For
UWB signal design using DS-UWB, a pseudo-random sequence is used to spread
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the data bit into multiple chips; with the UWB pulse taking up the role of the
chip [21, 23, 24]. The main merits of signal design using IR-UWB include its ro-
bustness to multipath environments, direct applicability in position estimation;
and the simple transmitter required for the propagation of the designed UWB
signal [42]. MC-UWB systems which are based on Orthogonal Frequency Divi-
sion Multiplexing (OFDM) utilise multiple simultaneous sub-carriers, and as a
direct consequence have the ability to efficiently capture multipath energy with a
single RF chain [21, 23, 24, 42]. The drawback of MC-UWB lies in the complexity
increase which is due to Inverse Fast Fourier Transform (IFFT) requirement of
the UWB transmitter. UWB signal design using MC-UWB makes use of multiple
simultaneous carriers and is based on OFDM. OFDM itself is a multi-carrier mod-
ulation technique that uses densely spaced sub-carriers and overlapping spectra.
Multiple access is supported by assigning each user a set of sub-carriers.
2.1.1 UWB Signal Model and Waveforms
Signal propagation using either IR-UWB or MC-UWB is fundamentally similar
to most conventional communication systems. The modulated UWB signal is
typically emitted by the UWB transmitter and once it is propagated through the
specified UWB communications channel, it is detected (i.e. received) by the UWB
receiver. In order to capture all the signal energy from the multipath components
in the propagation environment, a rake receiver structure is typically adopted for
the UWB receiver [21, 23, 24].
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2.1.1.1 IR-UWB Transmit Signal
For a UWB system which is based on IR-UWB in a noiseless and distortion-less
channel, the basic mathematical model for the unmodulated transmit pulse train
signal xir−uwb(t) just as the receiver observes it, is given in [23] as:
xir−uwb(t) =
∞∑
i=−∞
Ai(t)p(t− iTf ) (2.1)
where Ai(t) which refers to the amplitude of the pulse, is equivalent to
√
E; and
E in turn refers to the energy per pulse. t refers to time, p(t) refers to the received
pulse which has normalised energy1 and Tf refers to the frame duration or frame
repetition time [23]. Denoting Tp as the duration of p(t), the bandwidth occupied
by p(t) is defined as the inverse of Tp (i.e. 1/ Tp). Additionally, the UWB pulse
repetition rate which can be denoted as Rf , is defined as the inverse of Tf (i.e.
1/ Tf ) [23].
2.1.1.2 MC-UWB Transmit Signal
For a UWB system which is based on MC-UWB, the basic mathematical model
for the UWB transmit signal has a complex baseband form and is also given in
[23] as:
xmc−uwb(t) = A
∑
r
N∑
n=1
bn
rp(t− rTp)e(j2pinf0(t−rTp)) (2.2)
whereA refers to an arbitrary constant that typically controls the PSD of xmc−uwb(t)
and also determines the energy per 1 bit. N refers to the number of subcarriers,
1
∫∞
−∞ |p(t)|2dt = 1
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bn
r refers to the symbol transmitted in the rth interval over the nth subcarrier
[23].
2.1.1.3 UWB Signal Waveforms
There are a wide range of waveforms which conform to the FCC UWB trans-
mit signal specifications; and hence are typically adopted as UWB waveforms.
These waveforms include hermite pulses, cubic monocycle waveforms, laplacian
monocycle waveforms, prolate spheroidal wave functions (PSWF), rayleigh dis-
tributed waveforms, rectangular waveforms and derivatives of the gaussian pulse
[21, 23, 24, 43]. Of all these pulses/signals/waveforms, the gaussian pulse deriva-
tives are the most popular and are most widely used in the design of UWB systems
[43]. The gaussian pulse in its original form is not suitable for wireless UWB sys-
tems because its inherent DC component reduces the radiating efficiency of the
employed antenna. The derivatives of the gaussian pulse on the other hand, do
not have a DC component and are hence practically suited for wireless UWB
systems [43].
Gaussian pulse derivatives are adopted in most literature as the de facto UWB
waveform because of the relative ease at which they can be described and directly
implemented [23]. Additionally, they are readily employed for UWB systems
because when compared to other pulses, they have the smallest time-bandwidth
product (TBWP) of approximately 0.44 [26]. The TBWP of a given pulse is
calculated as the scalar product of the pulse’s duration and its bandwidth. It is
an indicator of the closeness of the pulse’s duration to the lower limit which is
pre-set by the pulse’s spectral width. As detailed in [44], equation 2.3 gives the
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mathematical representation of the gaussian pulse g(t):
g(t) = exp
[
−2pi
(
t
τg
)2]
(2.3)
where t refers to time and τg refers to a constant that is used to determine the
width of g(t) [43]. Figures 2.1, 2.2 and 2.3 respectively depict g(t), the gaussian
monocycle g′(t) and the gaussian doublet g′′(t). g′(t) is the first derivative of the
g(t) while g′′(t)
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Figure 2.1: The gaussian pulse g(t)
is its second derivative. The bandwidths of all three signals are determined by
inverting their pulse durations (i.e. B = 1/Tp). In contrast to g(t), both g
′(t) and
g′′(t) do not have an inherent DC component, and their zero crossing makes them
relevant for wireless UWB systems and applications [43]. Having mentioned that,
g′′(t) is a lot more useful than g′(t) in position estimation and geo-location appli-
cations because of its comparatively lengthier bi-pulse width [24]. As detailed in
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Figure 2.2: The gaussian monocycle g′(t) with a pulse duration Tp of 0.24 ns
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Figure 2.3: The gaussian doublet g′′(t) with a pulse duration Tp of 0.38 ns
[44], g′′(t) is mathematically expressed as:
g′′(t) =
[
1− 4pi
(
t
τg
)2]
exp
[
−2pi
(
t
τg
)2]
(2.4)
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2.1.2 Data Modulation
Due to the fact that each UWB pulse comprises of a large number of frequency
elements, Frequency Modulation (FM) or Phase Modulation (PM) is inapplicable
for baseband signal propagation in UWB systems [21]. In UWB systems, it is
possible to transmit bits on a baseband level2 by modulating the amplitude;
position; or both the amplitude and position of the UWB signal/pulse. Typically,
the baseband modulation schemes employed for UWB systems can be divided into
two categories namely time-based schemes and shape-based schemes. Time-based
schemes consist solely of Pulse Position Modulation (PPM) while shape-based
schemes consist of Bi-Phase Modulation (BPM), On-Off keying (OOK) and Pulse
Amplitude Modulation (PAM) [21, 23, 24].
2.1.2.1 Pulse Position Modulation (PPM)
Time-based PPM is the most commonly used modulation scheme. In PPM, every
UWB pulse is transmitted in advance of a regularly spaced time frame; and the
nature of the data bit that is due for transmission, directly effects the position
of the UWB pulse [21, 24]. Essentially, this implies that if data bit ‘0’ is denoted
by a UWB pulse that originates at time 0, data bit ‘1’ is denoted by a time
shifted version of the same UWB pulse from 0 [24]. The value of the time shift
is typically determined in conjunction with the autocorrelation characteristics of
the UWB pulse [24]. Equation 2.5 is the mathematical representation of a PPM
s(t) =
M∑
m=1
P (t−mT + bmδ) (2.5)
2The baseband level refers to the original frequency range of a signal before it is up/down
converted or modulated to a frequency range that is suitable for propagation
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modulated signal where M represents the maximum number of transmitted bits,
P (t) represents the UWB pulse, bm ∈ [-1,1] represents the mth data bit, T rep-
resents the pulse repetition period and δ represents the modulation index which
to all intents and purposes is the ‘time shift’ value of the UWB pulse [24]. The
detection of PPM modulated signals are typically done using template matching
techniques [21, 23, 24]. Template matching techniques achieve this by correlating
the received signal (i.e. a combination of the transmitted signal and the channel
noise) with a pre-defined template which is usually identical to the transmitted
signal. This correlation is done to maximise the SNR or the received signal and
also to detect the desired signal from unwanted background noise [24].
2.1.2.2 Bi-Phase Modulation (BPM)
BPM is one of the other commonly used modulation schemes in UWB. It is
shape-based, antipodal (i.e. opposite); and involves the inversion of the specified
transmit UWB pulse in order to create a binary system [21]. In BPM, the UWB
pulses represent digital bits by changing their polarity (i.e. a negatively polarised
UWB pulse represents bit ‘0’ while a positively polarised UWB pulse represents
bit ‘1’). In total contrast to other modulation schemes, this antipodal nature of
BPM ensures that there is a power efficiency gain of 3 dB [21, 45]. Equation 2.6
s(t) =
M∑
m=1
bmP (t−mT ) (2.6)
which is detailed in in [21] gives the mathematical representation of a BPM mod-
ulated signal where all the equation parameters mimic those defined in equation
2.5. Due to the constant change in the polarities of the pulse, BPM modulated
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pulses generate a smooth pulse train spectrum which ensures that they mini-
mally interfere with both themselves and other narrow-band technologies [45].
BPM modulated signals are typically detected by using either template matching
techniques or energy detectors [23, 24].
2.1.2.3 On-Off Keying (OOK)
OOK is shape-based and the simplest modulation scheme. It modulates the UWB
pulse by switching the pulse generator on and off. This on and off switching
represents the absence and presence of the pulse (i.e. ‘0’ = pulse absent and
‘1’ = pulse present); and despite its simplicity, with the transmitter being off
for majority of the time, the OOK scheme is at a severe power disadvantage
[21, 23]. Additionally, in the presence of multipath which is caused by reflections
and echoes of either the transmitted UWB pulse or neighbouring pulses, it is very
challenging to determine the absence of the desired pulse [21].
2.1.2.4 Pulse Amplitude Modulation (PAM)
In shape-based PAM, the amplitude of the UWB pulse is varied in an attempt
to convey the data [21]. Typically, the use of PAM is very rare because a lot
more power is needed when UWB pulses with higher amplitude are required
to be transmitted. Additionally, in comparison to PAM modulated pulses with
larger amplitudes, PAM modulated pulses with smaller amplitudes are a lot more
prone to noise-driven interference [21]. However, in some applications, its low
implementation complexity makes it the preferred modulation scheme [26].
All the aforementioned data modulation schemes have been used in UWB com-
munications with relative success depending on the targeted application [46, 47].
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In fact, their performance can significantly vary according to which system param-
eters are considered such as narrowband interference (NBI) robustness, symbol
error rate (SER), system complexity, data rate, or maximum transmit power with
respect to transceiver distance and channel capacity. For instance, if minimum
complexity is important, then OOK modulation would be the best choice. How-
ever, it is very sensitive to noise. On the other hand, if interference robustness
and power efficiency are the parameters to consider, binary PSK (BPSK) can be
the best candidates [48, 49]. From a position estimation perspective and for the
entirety of this thesis, a specific subset of these modulation schemes has not been
explicitly considered. Wherefore position estimation purposes, the parameter of
importance is the time of arrival of the transmitted pulse which can be deter-
mined by analysing the direct interaction between the pulse, the channel model
and the OOI. Assuming that PPM is chosen for this application, it would not
have a direct impact on the determination of the required performance criteri-
ons (i.e. Root Mean Squared Error) because as PPM postulates, the generated
UWB signal or pulse will simply be advanced or delayed in time without any
up-conversion and subsequently transmitted for ranging purposes [19].
2.1.3 UWB Channel Model
A properly defined channel model is an important part of any communication
system. A channel can simply be defined as the propagation pathway a transmit-
ted signal passes through enroute to the receiver in either an indoor or outdoor
environment [21, 23, 24]. With reference to Figure 2.4, the basic model of the
UWB communication system as well as any other system, can be likened to the
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standard model of a linear time-invariant (LTI) system. Quite similar to an LTI
system, the UWB communications system can be characterised by its impulse
response h(t). In an ideal situation, the main communications channel model
consists of sub-models for both the environmentally-driven multipath as well as
the path loss; and consequently, h(t) encompasses these two vital submodels. 
 
 
 
 
 
Channel Impulse 
Response 
Transmitter (Tx) 
Receiver (Rx) 
h(t) 
Figure 2.4: The basic communications system model
The path loss model typically defines the amount of power that Rx receives when
Tx is placed at a specified separation distance from it; and in-turn, the multi-
path model typically illustrates the energy dispersion of the UWB pulse over the
numerous resolvable multipath components [21, 23, 24].
2.1.3.1 Path Loss Model
The path loss (PL) or path attenuation (PA) experienced by a UWB signal which
is typically expressed in dB, is usually due to either free space, reflection, diffrac-
tion, refraction, absorption, or a combination of either one of them [21]. The PL
model describes the relationship between the transmit power (Pt) and received
power (Pr) when the separation distance; and the effects of the environment on
the signal propagation are considered [24]. As detailed in [24], the PL can be
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represented mathematically in terms of Pt and Pr by equation 2.7, where d refers
Pr
Pt
=
(
d
d0
)−n
(2.7)
to the separation distance between the transmitter and receiver, d0 refers to the
reference distance3; and n refers to the environment-driven path loss exponent.
The value of n is highest at ‘2’ when free space is considered; and thereafter, it
decreases considerably when other effects such as reflection, refraction, diffraction,
etc., are considered [24].
2.1.3.2 Multipath Model
A concise multipath model typically consists of parameters that characterises the
channel in terms of the multipath delay spread, multipath intensity profile, the
number of resolvable multipath components, multipath amplitude-fading distri-
bution and multipath arrival times [21, 50, 51]. Table 2.1 lists all the afore-
mentioned parameters and gives a basic description of their roles in the overall
modelling process. In most modern literature, the discrete impulse response of
the UWB multipath channel is often referred to as the multipath intensity profile
of the channel; and it can be represented mathematically by equation 2.8 [21].
h(t) =
L−1∑
l=0
αlδ(t− lTm) (2.8)
l refers to the propagation path and αl which is a function of both the separation
3The reference distance is usually set to 1 m [24].
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distance between Tx and Rx; and time, refers to the amplitude attenuation factor
on l [21]. L refers to the number of resolvable multipath components while Tm
refers to the minimum resolution time of the UWB pulse [21].
Table 2.1: Multipath model parameters and description
Parameter Description
Multipath delay spread The multipath delay spread of a UWB chan-
nel is portrayed by its root mean square (rms)
value; and this value typically increases when
the separation distance between Tx and Rx in-
creases [21, 26]. For indoor channels, the rms
delay spread values lie between 19 ns to 47 ns
[52].
Multipath arrival times Due to the fact that objects which are randomly
placed in an environment inadvertently cause
multipath propagation, the arrival times of the
multipath are typically modelled as a Poisson
process [21]. In the Saleh-Valenzuela (S-V) chan-
nel model proposed in [53], each of the different
paths arrive at the Rx in clusters and at arrival
rates that are poisson distributed [26, 54].
Multipath amplitude fad-
ing distribution
The amplitude-fading of the multipath is typi-
cally modelled by a log-normal distribution [51].
As a result of its inherent ultra-short duration,
Continued on next page
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Table 2.1 – Continued from previous page
Parameter Description
UWB pulses tend to experience less fading than
other pulses. The fading experienced by UWB
pulses are usually a lot less than 5 dB [55].
Number of resolvable mul-
tipath components
The average value for the number of resolvable
multipath components is reliant on the separa-
tion distance between antennas (i.e. Tx - Rx sep-
aration distance) [21, 51]. Based on investigative
work conducted in [51], it has been deduced that
the standard deviation of the number of resolv-
able multipath components increases with an in-
crease in separation distance between antennas.
2.1.4 UWB Receiver Design
Just as the name implies, a receiver is designed primarily to detect, capture and
pass relevant or meaningful data on to the back-end application or system that
the transmitted data is originally destined for [21, 23, 24]. Conventionally, the
typical wireless propagation channel is prone to multipath which could either be
mild or severe based on the nature of the defined indoor/outdoor environment.
Consequently, being able to detect and capture signal energy from all the nu-
merous paths, becomes a prerequisite for the receiver design process [21, 23, 24].
As it is widely known, signal propagation using UWB entails using pulses or
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signals of ultra-short durations which are capable of resolving multipath; and
hence the UWB technology as a whole is deemed to be rich in multipath di-
versity [23, 24, 26]. Consequently, correlation-based rake receivers are predomi-
nantly used by most UWB systems in order to enhance system performance in
environments that are characterised by severe multipath [24]. By ensuring that
its number of sub-receivers or fingers4 is equivalent to the number of multipath
components, a correlation-based rake receiver is able to predominantly capture
a majority of the conveyed signal energy [24, 43]. Typically, in an attempt to
ensure that the maximum amount of signal energy is captured, additional fingers
are added to the rake receiver. Having mentioned that, there are a few negative
implications of this addition. They lie in the intuitive increase in the complexity
of the rake receiver design and an unwanted increase in the consumed energy [56].
On completion of the signal capturing process by all the fingers and in an attempt
to guarantee its optimal performance, the rake receiver employs the Maximal Ra-
tio Combining (MRC) technique to coherently combine the signal components of
the different paths [24, 26]. The MRC output is typically a weighted sum of the
individual SNR value of each rake receiver finger [24].
2.2 Classification of Position Estimation Systems
Position estimation systems are typically classified by either the signalling scheme
they employ, the parameter(s) they require to determine the position of the NOI,
the underlying position estimation technique, the position estimation unit, the
4The sub-receivers or fingers of a rake receiver is usually likened to the tines of a garden
rake. In the same way that each tine picks up the required leaves, each finger captures signal
energy from the multipath component that has been assigned to it [24, 43].
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propagation environment, the nature of the determined position of the NOI, the
nature of the position estimation system; or the dependence of the system on the
distances or angles between the NOI and surrounding reference nodes [7, 17, 19,
57–60]. In no particular order, Table 2.2 lists a number of these classification
criterion and describes the ways in which position estimation systems could be
classified based on them.
Table 2.2: Classification of position estimation systems
Criterion Description
Signalling Scheme This refers to the type of signals used for position
estimation, as well as their underlying propaga-
tion characteristics [24]. The conventional sig-
nalling schemes employed by position estimation
systems are Radio Frequency (RF), Infrared
(IR), Optical and Ultrasound. In most cases,
the selected scheme is reliant on the nature of
the environment and its influence on the pro-
posed scheme; or the position estimation dis-
tance [7, 19, 21, 60].
Continued on next page
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Table 2.2 – Continued from previous page
Criteria Description
Parameter of Relevance Position estimation systems are designed in such
a way that the position determining parameter is
a function of either the Time of Arrival (TOA),
Time Difference of Arrival (TDOA), Angle of Ar-
rival (AOA) or Received Signal Strength (RSS)
measurements; or a combination of two or more
of them [18, 19, 23, 24].
Position Estimation Tech-
nique
This refers to the process in which the position
of the NOI is obtained. Typically, position es-
timation systems could be designed to perform
this task by either cell ID localisation, multilat-
eration or pattern recognition [7, 16, 18, 19, 24].
Position Estimation Unit Position estimation systems could perform NOI
position identification either on-site by using a
mobile handset; or remotely by means of a Cen-
tral Processing Unit (CPU). The former method
is referred to as self-positioning, and systems that
employ it are known as location-aware systems,
while the latter which is referred to as remote-
positioning, is employed by location-support sys-
tems [7, 16–19, 24].
Continued on next page
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Table 2.2 – Continued from previous page
Criteria Description
Propagation Environment With signal propagation characteristics varying
significantly in different environments, it be-
comes a necessity to classify position estimation
systems according to the environment [19, 24].
Consequently, position estimation systems are
classified as either indoor or outdoor systems.
Outdoor systems such as GPS and Enhanced 911
(E-911) [61] are not used in indoor environments
because they are not equipped to overcome the
accuracy challenges indoor position estimation
present [7, 17–19].
Range Dependency Position estimation systems could be classified
by their range dependencies. Those that require
some form of range (i.e. distance) measurement
to estimate the position of the NOI are referred
to as range-based systems. Conversely, those
that do not require any range measurements are
referred to as range-free systems [57, 62].
Nature of determined NOI
position
Position estimation systems can also be classified
according to their ability to determine the abso-
lute, semantic or relative location of the NOI.
Continued on next page
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Table 2.2 – Continued from previous page
Criteria Description
An absolute location such as 51 0’ 26.0”N 0 7’
39.0”W, refers to the physical coordinate of the
NOI with respect to a global reference. A seman-
tic location such as ‘London South Bank Univer-
sity, London, UK’ refers to the symbolic location
of the NOI. A relative location refers to the loca-
tion of the NOI with respect to a local reference
node [19, 24].
2.3 Time-based Position Estimation
Indoor position estimation can be explicitly referred to as the estimation of either
the absolute, relative or semantic position(s) of a NOI in either the 2-D or 3-D so-
lution space within an explicitly defined indoor environment [7, 16–19]. Typically,
the utilised solution space is wholly dependent on the given position estimation
task; and its definition in the indoor environment is tailored to match the coverage
distance limitations as well as other stringencies of the employed communications
technology [7, 17–19]. The defined indoor environment is characterised by its con-
finement to the perimeter (for a 2-D solution space) or volume (for a 3-D solution
space) of the surrounding building. It could be any space within the confined
space (i.e. a hospital ward in a hospital; a room within a hall of residence; the
43
Related Work
entire volume of the hall of residence or the hospital) [7, 19].
As it has been explicitly detailed in Section 1.3, UWB’s performance is com-
paratively very good when time-based position estimation is considered. This is
because the duration of a transmitted time-domain signal is inversely proportional
to its bandwidth (i.e. equation 1.2) [19, 24]. With its fine time-domain resolution
facilitating its ability to properly determine the time of arrival of received signals
with a high level of accuracy, UWB is capable of ensuring that the position of a
NOI is estimated with a very high accuracy [19]. A single time of arrival value is
never enough to estimate the position of a NOI; and hence it becomes a necessity
to have time-based techniques that estimate the position of the NOI by cleverly
manipulating several time of arrival measurements [7, 17, 18, 24].
Time-based position estimation techniques can be categorised into one of two
primary variants; they are either based on a completely defined ‘geometric’ or a
‘statistics’ driven approach. Geometric driven approaches which are commonly
referred to in literature as GM, estimate the position of a NOI by establishing a
geometric link between deployed reference nodes or anchors (i.e. a base station,
receiver) and the NOI itself using time of arrival measurements [7, 18]. Relevant
distance information are thereafter extracted from the link; and the estimation
of the NOI’s position is attempted. The word ‘multilateration’ refers to position
estimation that occurs when multiple established geometric links are considered
during the process of determining the NOI’s position. The widely known GM
variants include TOA, TDOA, TSOA, the received signal strength (RSS) and
AOA [7, 9–12, 18]. In contrast, statistically driven techniques such as those
described in [13–15] shift the position estimation focus from the goal of achieving
numerical values (albeit relative in most GM variants) for location of the NOI,
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to statistical approximations and estimation error alleviation measures. In this
thesis, we focus wholly on GM variants due to their dependence on time of arrival
estimates.
2.3.1 Time of Arrival (TOA)
Classical TOA tackles the underlying position estimation problem by exploiting
or utilising the a priori knowledge of the wave propagation speed5 [19, 24]. In
the scenario depicted in Figure 2.5, the position of the NOI is required to be
determined in a square-shaped 2-D solution space. Representing the length and
width of the square-shaped environment as ‘D’, three land reference nodes Rx1,
Rx2 and Rx3 are placed in the defined environment. Rx1 is placed at coordinate
(D, D
2
), Rx2 is placed at coordinate (0,D) of the 2-D grid, and Rx3 is placed at the
origin (0,0) of the 2-D grid. With an assumed knowledge of the clock synchroni-
sation between all reference nodes and the active transmitting medium (i.e. Tx)
which the NOI is equipped with, Tx transmits a signal to all three land reference
nodes [19]. The TOA of the transmitted signal at all three reference nodes are
determined and subsequently multiplied with ‘c’ to determine their respective
distances from the NOI (i.e. d1, d2 and d3). Using the placement coordinate of
each reference node as the origin and their determined distances from the NOI
as the radius, three circles similar to those in Figure 2.5 can be constructed. As-
suming that the propagation scenario is noise-free, the intersection of all three
circles results in a single intersection point or coordinate; this intersection point
defines the 2-D position of the NOI [7, 19, 24].
In practice, the propagation scenario is hardly ever noise-free and as a direct
5Speed of light = c = 3 ×108 m/s
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Figure 2.5: Illustration of Time of Arrival (TOA) based Geometric Multilatera-
tion
result, the constructed circles will be displaced in the solution space [19]. This
displacement leads to the intersection of the three circles yielding a polygon which
is typically averaged to determine singular values for the coordinates of the NOI’s
position [7, 19, 24].
2.3.2 Time Difference of Arrival (TDOA)
TDOA is a variant of TOA, it uses the differences between two or more TOA
measurements to estimate the position of the NOI [7, 19]. Albeit a variant of
TOA, unlike TOA, TDOA does not require any knowledge of clock synchroni-
sation between the NOI and the relevant reference nodes for it to estimate the
NOI’s position. This is the major advantage TDOA has over TOA [7, 17, 24, 63].
However, this is only valid when there is clock synchronisation among the relevant
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reference nodes [19, 63]. Once again, with reference to a scenario similar to that
which is depicted in Figure 2.5, if the reference nodes combinations Rx1 - Rx2,
Rx1 - Rx3 and Rx2 - Rx3 are considered individually, their TDOA measurements
can be determined by one of the following methods:
• The TDOA measurements for individual combinations can be determined
by initially estimating the TOA of the transmitted signal at each constituent
reference node. Once these estimates are obtained, they are subtracted from
each other to get the TDOA measurement6
• The TDOA measurements for individual combinations can also be deter-
mined by performing a cross-correlation between the signals received by the
reference nodes in each combination. Once completed, the time delay that
corresponds to the highest cross-correlation value (i.e. highest peak when
cross-correlation product is plotted), is defined as the TDOA measurement
[24].
Each TDOA measurement defines a hyperbola with a constant distance7 and
a focus located at the reference nodes associated with the measurement. In a
noise-free scenario, with three (3) hyperbolas defined based on three (3) different
reference node combinations, the singular intersection point of the hyperbolas,
defines the position of the NOI [7, 64].
6For combination Rx1 - Rx2, TDOA measurement = TOARx2 - TOARx1 ; for combination
Rx1 - Rx3, TDOA measurement = TOARx3 - TOARx1 ; and for combination Rx2 - Rx3, TDOA
measurement = TOARx3 - TOARx2 .
7constant distance = c × (TDOA measurement) [7, 64].
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2.3.3 Angle of Arrival (AOA)
The estimation of a NOI’s position using AOA is typically achieved by making
a series of angular direction observations that are measured using either a set
of directional antennas or antenna arrays [7, 24]. AOA measurements provide
information about the direction of an incoming transmitted signal by means of
the phase differences between either the relevant directional antennas or elements
of the antenna arrays [24]. Typically, to determine the position of a NOI in a 2-D
scenario, at least two AOA measurements from two dissimilar reference nodes,
are required. However, in an attempt to increase the position estimation accu-
racy, more than two reference nodes (i.e. more than two AOA measurements) are
often used in practice [7]. Conventionally, the AOA measurement for each refer-
ence node is determined using either the uniform linear array (ULA) model [7],
minimum variance distortionless response (MVDR) AOA estimator [7], maximum
likelihood (ML) AOA estimator [65–68], multiple signal classification (MUSIC)
algorithm [7, 69, 70]; or the estimation of signal parameters via rotational invari-
ance techniques (ESPRIT) algorithm [7, 71]. Each AOA measurement estimates
the position of the NOI as one of the several points that lies along the estimated
line of bearing [7]. With two or more AOA measurements estimated and their
lines of bearing translated onto a 2-D grid, the intersection point of the lines gives
the definitive estimate of the NOI’s position. In addition to the advantageous fact
that AOA can be performed using one less reference node than both TOA and
TDOA, in a similar manner to TDOA, AOA geometric multilateration technique
also benefits from the lack of clock synchronisation [7].
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2.4 Error Sources of Time-based Position Esti-
mation
In a noise-free propagation environment, TDOA, TOA, AOA; or a combination of
two or more of them (i.e. TOA and AOA [7, 72–75]) are all capable of estimating
the position of NOI with a comparatively good level of accuracy. As it has
been explicitly discussed, the level of position estimation accuracy is significantly
increased when the UWB technology is employed. Even with UWB employed,
the propagation environment is never noise-free in practice, and the estimated
position of the NOI is always prone to error [7, 19, 24]. The main sources of the
position estimation error are ‘multipath propagation’, ‘Non-Line-of-Sight (NLOS)
propagation’ and ‘multiple-access interference’.
2.4.1 Multipath Propagation
As it is detailed in Section 2.3.1, estimating the TOA of a transmitted signal
in a multipath-free environment is fairly straightforward once the solution space
has been defined and the relevant reference nodes properly placed in the environ-
ment. In practice, this is not the case because the reflection and refraction of the
transmitted signal in the propagation environment leads to multiple received sig-
nals (i.e. multipath) with dissimilar attenuation and delays, at the receiver end
[19, 24]. The TOA estimate used for position estimation is typically obtained
from the strongest Multipath Component (MPC). In narrowband systems, due
to the longer durations of the utilised pulses, there is an insufficient amount of
time delay between two MPCs. This leads to interference and superposition of
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the multipath signals; and ultimately inaccurate estimates of the TOA [19, 76].
In UWB-based systems, this is not an issue because of the extremely short du-
rations of UWB pulses/signals. The short pulse duration allows for a sufficient
amount of time delay between received MPCs, and this facilitates the resolution
of all the MPC’s in an attempt to determine the strongest MPC [19, 21, 24]. The
strongest MPC is then used to determine the TOA estimate. In some scenarios,
the strongest MPC arrives at the receiver at a much later time than the first
MPC, and hence the TOA estimate is obtained using the first MPC [19, 21].
2.4.2 Multiple-access Interference (MAI)
Time-based position estimation suffers from a reduced level of accuracy when
it is performed in the presence of multiple-access interference (MAI). MAI pre-
dominantly occurs in communication systems that employ non-orthogonal multi-
plexing (i.e. multiple-access systems), however, it also occurs in communication
systems that employ orthogonal multiplexing (i.e. UWB-based systems). Its oc-
currence in UWB-based systems is in the form of a significant amount of interfer-
ence from users in networks that operate simultaneously [19, 24]. Conventionally,
the effects of MAI are mitigated by a number of techniques which are collectively
referred to as multiuser detection (MUD) [19, 77].
2.4.3 Non-Line-of-Sight (NLOS) Propagation
As the name implies, a NLOS propagation scenario refers to one that is charac-
terised by the blockage of the direct LOS propagation path between transmitters
and receivers [7, 19, 24]. Depending on the nature of the blockage in the LOS
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path, a transmitted signal suffers from an attenuation that ranges from mild to
severe; and in some cases, the severity level of the attenuation is so much that
the transmitted signal is never observed at the receiver [19]. Consequently, in a
NLOS propagation scenario, the estimated TOA measurement always includes a
positive bias that represents the influence of the NLOS error. In modern litera-
ture, the modelling of the NLOS error is dependent on the propagation channel;
and the NLOS error itself is typically modelled as either a ‘constant’ along a
time interval or as random variables that are either of uniform, exponential or
Gaussian distribution [78–82]. For the entirety of this research work, only LOS
propagation scenarios are considered.
2.5 UWB Position Estimation Systems
Among other inherent properties of the UWB technology, its fine time-domain
resolution, inexpensive circuitry and its ability to resolve multipath makes it the
ideal technology candidate for ensuring that position estimation of a NOI in short
to medium distances, is done accurately, efficiently and quickly [18, 19, 21, 23, 24].
Typically, for localisation distances that are less than 300 m, UWB is capable
of estimating the position of a NOI with an accuracy that lies in the sub-metre
range [19, 21]. Typical applications that benefit from the sub-metre ranging of
UWB include environmental sensing, aerial surveillance, structural monitoring,
home security, personal safety devices; and medical sensing [7, 18, 19, 24, 60].
As expected, individual applications will have their accuracy requirements. How-
ever, with a guarantee of achieving an accuracy that lies in the sub-metre range,
UWB has been shown to be capable of ensuring that the implementation of these
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applications are possible [19, 83]. Table 2.3 which is based on [19, 24, 83] lists
the range and accuracy requirements for a number of key position estimation
applications that UWB is capable of facilitating.
Table 2.3: Range and Accuracy Requirements of key position estimation appli-
cations
Application Range
[m]
Accuracy
[cm]
Personnel tracking at offices (Commercial) 100 - 300 0.15
Cargo tracking at large depots (Commercial) 300 3
Inventory tracking at warehouses and manu-
facturing plants (Commercial)
100 - 300 0.3 - 3
Cargo Tracking at depots (Commercial) 300 3
Search and rescue operations (Military) 300 3
Rural and urban situational awareness (Mili-
tary)
300 0.3
Training facilities (Military) 300 0.3
Landing systems (Aviation) 300 0.3
Anti-collision systems (Aviation) 300 0.3
Tracking of Prisoners (Security) 300 0.3
Tracking of Miners (Safety) 300 0.3
Tracking of Emergency Responders (Safety) 300 0.3
Detection and rescue of Avalanche victims
(Safety)
300 0.3
Continued on next page
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Table 2.3 – Continued from previous page
Application Range
[m]
Accuracy
[cm]
Tracking of firefighters (Safety) 300 0.3
Tracking and monitoring of patients (Medical)
[84]
300 0.3
2.5.1 State-of-the-art UWB Position Estimation Systems
The existing brands of UWB-based position estimation systems are manufactured
using TOA, TDOA, AOA, or a combination of two or more of them, as the under-
lying GM technique [19]. In addition to the state-of-the-art UWB-based position
estimation systems detailed below in the next sections, unvoiced UWB-based
position estimation systems manufactured by IMEC Microelectronics centre [85]
and Thales Research [86] have also had comparatively good accuracy values that
lie in the sub 10 cm region.
2.5.1.1 Time Domain PulsON350 RFID tracking system
The PulsON350 tracking system depicted in Figure 2.6 is a TDOA-driven, UWB-
based position estimation and tracking system manufactured by Time Domain
Corporation [27]. Depending on the propagation environment, PulsON350 is
capable of estimating the position of a NOI in all solution spaces (i.e. 2-D and 3-
D) with remarkable accuracies [19]. It achieves a position estimation accuracy of
less than a foot in idealistic environments and an accuracy that is approximately
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Figure 2.6: The PulsON350 RFID tracking system [87]
less than 3 feet in practical environments [19, 27]. PulsON350 comprises of an
RF tag, a reader and a synchronisation distribution panel (SDP). The RF tag
is compliant with the FCC emission limit, weighs 11.8 grams (g), has a battery
life of 4 years; and transmits RF packets at a frequency of about 1 Hz [27]. The
reader which weighs 816 g and has an antenna gain of 2 dBi, receives transmission
made by the RF tag, determines the time of arrival and decodes data [27]. The
SDP is responsible for the powering-up and time synchronisation of the reader.
2.5.1.2 PAL650 Precision Asset Location System
The PAL650 precision asset location system depicted in Figure 2.7 was manufac-
tured by Multispectral Solutions, Inc (now Zebra Enterprise Solutions [89]) and is
regarded as the world’s first FCC certified UWB-based tracking system [21, 90].
It comprises of a set of active tags, UWB receivers and a central processing hub
[21]. The design and manufacturing of PAL650 is as a direct consequence of the
commercialisation of the precision asset location (PAL) system which was exclu-
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Figure 2.7: The PAL650 precision asset location system [88]
sively used for military applications prior to the FCC rulings [19, 21, 91]. The
active tags which typically have a life-span of 4 years, have a centre frequency of
6.5 GHz, operate at 3.0 V and have a current consumption of 30 µA. PAL650 is
driven by TDOA and can estimate the location of a NOI with an accuracy of up
to 30.48 cm.
2.5.1.3 Ubisense Real-Time Localisation System
Figure 2.8: Ubisense sensor(left) and tag (right) [92]
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Ubisense is a UWB-based position estimation technology that is driven by both
TDOA and AOA [92]. It comprises of active tags, sensors and a software package
for interpreting received data [92]. Each tag is assigned a unique ID and attached
to the NOI so that when it transmits its location to surrounding sensors, the
received signals are used to estimate the position of the specific tag; and the NOI
consequently [19, 92]. As a direct consequence of the inherent properties of UWB
such as its large bandwidth and the small duration of the transmitted UWB
pulse, there are theoretically little or no limitations to the scalability of real-
time position estimation using Ubisense [92]. Ubisense is capable of locating and
tracking multiple NOIs simultaneously without overlapping and compromising
the accuracy of every estimated position. Figure 2.8 depicts the Series 7000
industrial standard Ubisense sensor and tag. The sensor contains UWB receivers
and an antenna array which facilitates the determination of the tag’s location to
within a 15 cm accuracy [92].
2.5.1.4 Zebra DART UWB (prev. Sapphire DART UWB)
The Zebra DART UWB real-time position estimation system which is depicted
in Figure 2.9 was also manufactured by Multispectral Solutions, Inc. [89]. It
is an active RFID system that comprises of UWB driven active tags that have
a very impressive tag battery life-span of 10 years; sensors; and a control hub.
The active tags typically weigh about 10 g; and are certified for estimating the
position of a NOI in hazardous and multipath-rich locations with an average
expected accuracy of 10 cm [19, 89]. Zebra DART UWB systems are designed
to be flexible enough to support position estimation in the harshest or toughest
indoor and outdoor applications [89].
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Figure 2.9: The Zebra DART UWB system [89]
2.6 Summary
The accurate estimation of the position of an NOI or OOI is vital to the opera-
tional success of a host of multidisciplinary systems and applications. In noise-free
scenarios, TOA, AOA, TDOA and other hybrid position estimation techniques
are capable of estimating the position of the NOI or OOI with an acceptable
accuracy. However, in practice the propagation scenario is never noise-free; and
hence the level of position estimation accuracy by conventional techniques, dras-
tically diminishes. With the inherent properties of the UWB technology such as
its extremely large bandwidth and ultra-short pulse durations considered, high
level position estimation accuracy is typically achieved when it is employed as
the underlying technology behind any time-based position estimation technique.
Even though the utilisation of UWB for position estimation enhances the accu-
57
Related Work
racy, a practical propagation environment that is characterised with noise, will
also diminish the level of accuracy. The research work presented in this thesis
aims to increase the level of accuracy of UWB-based position estimation when a
noisy practical propagation environment is considered.
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UWB-based Elliptical
Localisation of Objects of
Interest
3.1 Introduction & Problem Statement
Conventionally, geometric UWB-based approaches to indoor position estimation
are either defined on the assumption that multipath signals in the immediate
environment have been resolved in a pre-position estimation or pre-localisation
step; or defined without an explicit consideration of the impact multipath signals
will have on the specified approach [18, 37, 93–95]. Intuitively, this assumption is
justified due to the fact that one of the inherent properties of the UWB technol-
ogy is its ability to resolve multipath signals [21, 41]. However, barring several
assumptions, this multipath resolving property has not been coherently elabo-
rated upon in practice [21, 23, 24, 41]. Assuming that the multipath signals have
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been resolved in a pre-localisation step ensures that the multipath propagation
scenario which is expected in practice, is easily simplified and downgraded to
a two-path propagation scenario which simultaneously simplifies the underlying
position estimation task. In this chapter, a full position estimation solution which
comprises of a pre-localisation step that precedes the actual task of estimating
the position of the NOI, is proposed. The proposed pre-localisation step makes
use of the electrically-driven reflection properties of the employed UWB signals to
extract relevant position-defining information from them when they interact with
specific objects in the immediate environment. In turn, the extracted information
is used to reduce the multipath propagation scenario into a two-path propagation
scenario. As depicted in Figure 3.1, in the two-path propagation scenario, the
two paths are the LOS path between the transmitter and receiver, and the path
travelled from the transmitter to the receiver via the NOI (i.e. Tx - NOI - Rx).
 
 
 
 
 
NOI 
Tx 
 = Direction of Signal Propagation 
 
Path 1 
Path 2 
Rx 
Figure 3.1: The two-path propagation scenario
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As a direct consequence of this change in propagation scenario, a way is paved
for the direct implementation of typical position estimation techniques to solve
the simpler two-path position estimation problem. Having mentioned that, for
the entirety of this chapter, the UWB-driven geometric multilateration technique
referred to as ‘Elliptical Localisation’ (EL) by Zhou et al. [37], is utilised to solve
the simpler two-path position estimation problem once the pre-localisation step
has been completed.
The EL position estimation technique determines the position of a NOI by
converting information extracted from the geometric links between paired trans-
mitters and receivers into a series of ellipse defining parameters [37]. These pa-
rameters are then used to define n ellipses which are cleverly manipulated in an
attempt to determine the position of the target. Conventionally, n which refers
to the number of defined ellipses, is required to be at least three and four for 2-D
and 3-D position estimation respectively [7, 19, 24]. With n restricted to three for
2-D position estimation using the EL approach, a minimum of three intersecting
ellipses are required to estimate the position of the NOI.
In this chapter, it is shown that by carefully considering the inherent proper-
ties of the UWB technology, the 2-D estimate of a NOI’s position in an indoor
environment using the EL technique can be achieved efficiently when n is re-
stricted to two. The restriction of n to three for 2-D position estimation using
the conventional EL is equivalent to a hardware requirement of three receivers
and one transmitter. Therefore, with n restricted to two, only two receivers and
one transmitter are required to complete the position estimation task. As a direct
consequence, it is shown that the current hardware requirement for 2-D position
estimation using the EL technique, can be reduced.
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3.2 Background
In a similar manner to that which Figure 3.2 depicts, Zhou et al. [37] attempt
to determine the absolute coordinates of their NOI (i.e. a tag) by initially trans-
mitting a UWB signal from a single transmitter which they place at the centre of
their setup/experiment. The transmitted signal is received by the tag, amplified
by a mini-circuit ZX60-14012L amplifier and then re-transmitted to m receivers.
For the 2-D case which they consider, m is three; hence the re-transmitted signal
is received by three receivers (Rx1, Rx2 and Rx3) at different distances and times
of arrival respectively. With each transmitter and receiver combination (i.e. Tx -
Rx1; Tx - Rx2; Tx - Rx3) defining an ellipse that is relative to the position of the
tag; the position of the tag then becomes the unique intersection point of all the
defined ellipses [7, 37].
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Figure 3.2: Setup for Elliptical Localisation in Indoor Environment
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To ensure that the intersection points gave the absolute coordinate of the
tag and not its relative one, the placement of Rx1, Rx2, Rx3, Tx as well as the
tag in their setup had to also be an absolute one. As Zhou et al. were quick
to point out, the amplification of the received UWB signal at the tag prior to
its re-transmission introduced a time delay which from a time-based position
estimation vantage point can be regarded as an error source [19, 24, 37]. The
time delay is due to the additional signal propagation time required during re-
transmission. Due to the dependence of time-based position estimation on the
accurate measurement of the relevant times of arrival, this time delay ultimately
ensures that the measured times of arrival of the transmitted signal at all the
relevant receivers are never accurate. Consequently, the level of accuracy of the
estimated position(s) of the NOI based on these measurements will always be
relatively low.
Another important observation made from the research work presented in
[37] is that they assumed a noise-free two-path propagation model all through
their analysis as compared to a much more realistic multipath propagation model
which is the most practical model especially when a UWB signal is used for trans-
mission in an indoor environment. To this effect, for the entirety of the research
work presented in this chapter, we tackle this by considering a practical multipath
propagation scenario. With that considered, a pre-localisation algorithm which is
capable of extracting position estimation relevant UWB signals from the available
multipath signals in the environment. This algorithm caters for the problem of
ensuring that the locations of all the variables involved in the position estimation
process are absolute without having to make unnecessary and potentially erratic
estimations, is proposed. Moreover, the proposed algorithm also ensures that no
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additional delay is introduced as a direct result of either an additional amplifica-
tion circuitry or any other process. Essentially, this pre-localisation step ensures
that the EL position estimation technique achieves a high level of accuracy in a
practical environment.
3.3 Problem Formulation
Succeeding the interaction of a UWB signal x(t) with a lossy material of known
electric properties such as its dielectric constant, permittivity, return loss; and
its conductivity, x(t) reflects back to the receiver; and its shape changes [21, 41].
Having a priori knowledge of some of these electrical properties ensures that
it is possible to determine the shape of the UWB signal that results from this
interaction. The dielectric constant (r) of a lossy material is a dimensionless
number that serves as a measure of the relative permittivity of the lossy material;
and it is a parameter of relevance when defining the reflection coefficient r(t) of
the lossy material [21, 96, 97]. From [96] and [98], the time domain reflection
coefficient of a lossy material can be expressed as:
r(t) ≈ ±
[
Kδ(t)+
4k
1− k2 e
−αt
4∑
i=0
fi(t)
]
(3.1)
where K =
1− β
1 + β
,
β = (
√
r − cos2 θi )/r sin θi , α = 120piσc
2r
,
A =
Kαt
2
, X = e−Kαt/2,
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σ = electrical conductivity of lossy material,
f0(t) =
αK
2
X,
f1(t) = − α
2K
[(A+ 1)X − 1] ,
f2(t) =
α2t
8K2
[(A+ 2)X − 2 + A] ,
f3(t) = −α
3t2
48K3
[
(A+ 3)X − 3 + 2A− A2/2] ,
f4(t) =
α4t3
384K4
[
(A+ 4)X − 4 + 3A− A2 + A3/6] .
With the values of r and σ of the lossy material as well the incident angle of
the transmitted signal (θi) known, the other sub-parameters (i.e. β, X, A, e.t.c.)
that define r(t), can also be determined accordingly. Theoretically, with a priori
knowledge of r, convolving r(t) in equation 3.1 with the impulse response of
a UWB channel h(t); and the transmitted UWB signal x(t) should yield the
expected reflected signal s(t) when a UWB signal is reflected off a lossy material
with a reflection coefficient expressed as r(t) [21, 23, 24].
In [96], an attempt was made to determine the r of a lossy material by
measuring it experimentally across a range of frequencies (2 GHz to 11 GHz).
Following the measurement in this frequency range, the values were averaged and
the mean value was determined. Consequently and contrary to what is expected
from a UWB signal, s(t) did not show a significant amount of distortion when the
convolution described previously was performed. This is because averaging the
relative dielectric constant values does not necessarily account for all frequencies
in the UWB communications spectrum range [21, 24]. This issue is tackled later
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on in this chapter by performing an IFFT on the measured relative dielectric
constant waveform to get its time domain equivalent r(t). Replacing all r de-
pendent terms in equation 3.1 with r(t), ensures that all the frequencies in the
UWB spectrum are considered; and consequently a better estimate is generated
for the expected received signal s(t) [21, 23, 24].
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Figure 3.3: Depiction of UWB-based Elliptical Localisation
In a similar manner to that which Figure 3.3 depicts, UWB-based EL is
predominantly achieved by initially placing a sole transmitter (Tx) at the center
of the environment or room where the NOI is located. Thereafter, three receivers
(Rx1, Rx2 and Rx3) are placed in the environment or room in such a way that
there is a direct LOS path between each transmitter-receiver combination (i.e.
Tx - Rx1, Tx - Rx2 and Tx - Rx3) [37]. For each of these combinations, an ellipse
that comprehensively includes a unique coordinate that denotes the 2-D location
66
UWB-based Elliptical Localisation of Objects of Interest
of the NOI can be constructed based on the ‘range sum’ which is a function of
their Time Difference (TD). To all intents and purposes, the TD is defined as
the scalar subtraction of the time it takes for the transmitted x(t) to travel from
Tx to Rxi(i=1,2,3) respectively by virtue of the LOS provisioning; from the time it
takes for the reflected UWB signal s(t) to arrive at Rxi(i=1,2,3) if the propagation
path of the signal was from Tx to the passive tag and then to Rxi(i=1,2,3) (i.e. the
amplification and subsequent re-transmission).
With three ellipses collectively constructed for all the transmitter-receiver
combinations, there will be one unique set of intersection coordinates of the three
ellipses. This set of coordinates defines the position of the NOI. However, this
process can only be executed in a straightforward manner if it occurs in a two-path
propagation where the effect of multipath signal propagation is not considered.
Generally, an UWB transmission inadvertently introduces a large number of in-
distinguishable reflected multipath signals which are usually a direct consequence
of the fact that objects in a given environment or room are made from materials
with dissimilar electrical properties.
This fact means that the downgrading of the multipath propagation scenario
to a two-path propagation scenario to cater for EL approach proposed in [37] can
only be plausible if there was a way of distinguishing between all the reflected
multipath signals in an attempt to identify the signals that were reflected off
the NOI. On identification of these signals, the TD could then be found, and in
turn it could be used to determine the ellipse defining range sum for any of the
transmitter-receiver combinations as discussed earlier by simply multiplying it
with the speed of light [19, 24, 37].
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3.4 Proposed Solutions
3.4.1 Frequency Dependency of Dielectric Constant
With the bulk of the research work presented in this chapter reliant on the proper
estimation of the reflection coefficient of the NOI, it becomes a necessity to ad-
dress the previously mentioned averaging of the r performed in [96]. Essentially,
the aim of the analysis presented in this section is to demonstrate that from
a position estimation vantage point, it does not suffice to average the r value
when defining the r(t) of a NOI whose position is to be determined using the
UWB technology. Averaging the r value effectively ensures that it is impossible
to properly predict or define the expected reflected signal when a UWB signal
interacts with a lossy material with known electrical properties.
Figure 3.4: Dielectric constant of a wooden door
For this analysis, the same lossy material experimented upon in Nia-tong et al.
68
UWB-based Elliptical Localisation of Objects of Interest
[96] is used. From [96] and Figure 3.4, it is clear that the dielectric constant of
the lossy material in question assumes the shape of a straight line equation of the
form:
r = −Uf + 2.1
where U = 1× 10−11 (Hz)−1
and f ranges from 2 GHz to 11 GHz
Taking the IFT of r would yield its time-domain equivalent r(t). From [96],
the time domain reflection coefficient of a lossy material is expressed by equation
3.1 where the angle of incidence of the transmitted UWB signal is denoted by θi.
From equation 3.1, it can be deduced that the r dependent parameters of r(t)
are
K =
1− β
1 + β
,
β = (
√
r − cos2 θi )/r sin θi,
α =
120piσc
2r
Replacing r with its time domain equivalent r(t) will change the above param-
eters respectively to
K =
1− β
1 + β
,
β = (
√
r(t)− cos2 θi )/r(t) sin θi,
α =
120piσc
2r(t)
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With s(t) defined as the expected reflected signal when a UWB signal interacts
with and reflects off the lossy material, Figures 3.5 and 3.6 depict s(t) when r and
r(t) are respectively used as the dielectric constant of the material. By comparing
both figures, it is evident that the UWB signal suffers a lot more distortion in
the case where r(t) defines the dielectric constant of the lossy material. This is
the expected result based on the fact that an UWB signal has a wide bandwidth
(i.e. different frequency components). In contrast to what [96] concludes, a
UWB signal that is reflected from a lossy material will not preserve its waveform
during propagation, its resultant waveform will be a function of r(t) and r(t)
(i.e. equation 3.1) consequently.
Figure 3.5: s(t) when r is considered
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Figure 3.6: s(t) when r(t) is considered
3.4.2 Pre-Localisation in Multipath Environment
As it is subtly hinted in the previous section, it is possible to estimate s(t) when
a UWB signal reflects off a lossy material whose dielectric constant is known
[21, 23, 24]. One of the keys to estimating this expected waveform lies within the
angle of incidence θi of the UWB signal. When the signal strikes a lossy material
at an angle of θi, s(t) assumes a specific shape. The relationship between θi and
s(t) forms the basis for the proposed pre-localisation algorithm when a multipath
environment is considered. In a typical multipath propagation environment, when
a UWB signal is transmitted, there will be a number of received multipath signals
due to the interaction of the transmitted UWB signal with different objects in the
immediate environment. As a result of the predictably high number of received
multipath signals, it is almost impossible to properly define the ellipses that are
required for the exact estimation of the NOI’s position using EL without knowing
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the exact multipath signal that reflected off the NOI. To this effect, it becomes
a necessity to put in place a mechanism that is able to extract the necessary
signals that are required to define the ellipses and ultimately solve the underlying
position estimation task.
3.4.3 Signal Extraction Process
Prior to the signal extraction process, it is assumed that in addition to knowing
r(t), all the electrical properties and parameters that are relevant to the proper
definition of the reflection coefficient r(t) of the NOI (i.e. passive tag) is known.
With these parameters assumed to be known, it becomes possible to define s(t)1.
Figure 3.7 depicts the proposed signal extraction process.
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Figure 3.7: Diagrammatic representation of signal extraction process
The signal extraction process involves the sampling of the received signal at all
three receivers (Rx1, Rx2 and Rx3) at regular intervals, correlating the sampled
signal with a database of template signals to find out if the signal is indeed one
1s(t) is the received signal and it is defined as the convolution product of x(t), h(t) and r(t)
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that was reflected off the NOI; and finally using a decision engine to determine
the signals that would be either used for generating the ellipse in the EL approach
or extrapolated for use with other geometric-based localisation approaches.
Step 1: The first step in this process is a so-called ‘machine learning step’. In
this step, the database of template signals for each transmitter-receiver combina-
tion (i.e. Tx - Rx1, Tx - Rx2 and Tx - Rx3; where Tx = Transmitter, Rx1 = Receiver
1, Rx2 = Receiver 2 and Rx3 = Receiver 3) is generated. Due to the fact that
the generation of s(t) is dependent on the reflection coefficient of the NOI and
the angle at which the transmitter strikes it, it is possible to determine the exact
form of s(t) when the transmitted UWB signal strikes the NOI at any angle by
varying the values of θi in equation 3.1 between 0 and 2pi. It was observed during
simulation that at various values of θi, there is a change in the shape of s(t). To
ascertain the level of dissimilarity, a cross-correlation2 between two samples of
s(t) variants which were obtained at two different values of θi, was performed. As
expected, the cross-correlation resulted in a correlation value which was less than
one3 (i.e. those two samples are uncorrelated). Consequently, it was hypothesised
that if the process of correlating samples of s(t) variants for θi values that ranged
from 0 and 2pi continuously resulted in correlation values that are less than one,
all samples between 0 and 2pi could be collated and used to populate the database
of template signals. To verify this hypothesis, s(t) for a constant r(t) and values
of θi being 0.25pi, 0.26pi, 0.28pi, 0.29pi, 0.30pi and 1.30pi, were generated.
The primary reason for using these arbitrary values was to facilitate the de-
2Cross-correlation is measure of the similarity between a pair of waveforms. A cross-
correlation measure of ‘0’ infers that the compared waveforms are not similar while a cross-
correlation measure of ‘1’ infers that the compared waveforms are similar.
3This is expected because theoretically, there will not be two completely identical samples
of s(t).
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Figure 3.8: s(t) for different values of θi when r(t) is considered
piction of the various shapes of the resultant signal s(t) when the values of θi
is increased gradually and then a lot more significantly. Figure 3.8 shows s(t)
for these six values of θi. The plot with a higher amplitude in the figure is the
reflected signal when θi is 1.30pi while the other plot is a concatenation of the
plots for the five other values of θi. Because 0.25pi, 0.26pi, 0.28pi, 0.29pi, 0.30pi all
differ from each other very slightly, the change in waveform seems less apparent
as compared to the change in waveform when θi becomes 1.30pi. However, a cross
correlation between any two of the signals generated from these set of θi values
yield a cross correlation value which is less than one;hence the reflected signals
generated by all values will be uncorrelated with respect to each other. This ver-
ifies the hypothesis and validates the collation of s(t) for θi ranging from 0 and
2pi. Consequently, for each transmitter-receiver combination, the generated s(t)
in the 0 and 2pi range is stored and the collection of all stored received signals
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are referred to as the database of template signals.
Step 2: At this stage of the pre-localisation process, the EL position esti-
mation technique is invoked and at time tsample, the received signals at all three
receivers are sampled. tsample is typically equal to twice the time taken for a direct
path propagation between any transmitter-receiver combination. The sampling
of the received signal occurs at tsample because it is expected that all three re-
ceivers would have received at least one reflected signal by then [21, 24]. For
each combination, all sampled signals are respectively cross correlated with the
database of template signals to determine if the sampled signal is indeed one re-
flected off the object; and also to determine the angle of incidence θi of the UWB
signal that generated reflected multipath. A cross correlation value of ‘1’ would
mean that the signal is indeed one reflected from the target object and a non
‘1’ value would mean otherwise. In practice, a cross correlation value of ‘1’ is
never achieved due to the nature of the propagation environment amongst other
factors, hence the sampled signal that leads to the highest correlation value is
deemed as the template signal. Once this template signal is identified, θi can be
inferred. This inferred angle is equivalent to the θi of s(t) because the θi of the
signal that generated the template signal will intuitively be the same as that of
the signal that generated s(t).
Step 3: At this point of the signal extraction process, the decision engine
process is invoked. Once θi is determined for all three receivers, they are paired
in the following manner: angle of incidence of Rx1 is paired with that of Rx2
whilst that of Rx2 is paired with Rx3. Figures 3.9 and 3.10 depicts the pairing
process. Letting θ1, θ2 and θ3 denote the θi of the (Tx - Rx1), (Tx - Rx2) and Tx
- Rx3) combinations respectively, θ4 is defined as the sum of θ1 and θ2; and θ5 is
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defined as the sum of θ2 and θ3. As depicted in Figures 3.9 and 3.10, when three
ellipses intersect at any point on the x-y plane, either θ4 or θ5 has to be 0.5pi
(90◦). In order to extract the signal, the pair of reflected signals that maximizes
the values of either θ4 or θ5 to 0.5pi with every aforementioned pairing, are singled
out.
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Figure 3.9: Intersection of ellipses generated by the Rx1 and Rx2 pairing
If it is impossible to single out a pair of reflected signal that maximises these
values in both combinations for the current sampled signals, the sampled reflected
signals are discarded and after tsample has elapsed, another set of received signals
are sampled. In the case of finding that a pair of reflected signals that maximizes
the sum of the two values of θi lies in the Rx1 and Rx2 pairing at a fixed time t,
this pair of signals is used as two of the three geometric parameters needed to fully
define the ellipse. The last geometric parameter is taken from the Rx2 and Rx3
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Figure 3.10: Intersection of ellipses generated by the Rx2 and Rx3 pairing
pairing. From Figure 3.10, it is clear that θ5 (i.e. θ5 = θ2 + θ3) would not be 0.5pi,
however it can be inferred that θ3 < θ2. Based on this inference and by comparing
θ3 with θ2, the third parameter can be defined as the signal with a property of
θ3 < θ2. With all the three ellipse defining parameters determined, it becomes
possible to downgrade the multipath propagation scenario into the simpler two-
path propagation scenario described in [37]. At this junction, it is noteworthy to
mention that range sum required for the execution of the EL position estimation
technique could be alternatively determined as follows:
• Following the successful implementation of the pre-localisation algorithm,
if the time of arrival (TOA) of the direct LOS propagated UWB signal for
each combination is denoted as ti=1,2,3, the TOA of the reflected received
signal determined from the pre-localisation step can be denoted as ti=1,2,3
+ αi=1,2,3. t1 refers to TOA for combination Tx - Rx1, t2 refers to TOA for
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combination Tx - Rx2 and t3 refers to TOA for combination Tx - Rx3. The
difference in both signal arrival times gives αi=1,2,3 which is defined as the
time delay between the two dissimilar received signals. Multiplying αi=1,2,3
by the speed of light and then adding it to the direct distance between the
respective transmitter-receiver combination yields a distance D. This new
distance D is the total distance travelled by the reflected UWB signal and
is equivalent to the ‘range sum’ described in [37]. This range sum is then
used to define the three ellipses and the position of the NOI at the same
time.
3.4.4 UWB Driven Elliptical Localisation
The transmission range for indoor (residential or office) UWB systems is typically
less than or equal to 30 m [21, 23, 24]. With this range considered during the
deployment of relevant position defining transmitters and receivers in the defined
solution space, the hardware requirement for the EL position estimation approach
can be reduced by one receiver. Despite the reduction being a sole receiver, it is
shown in the following sections that it leads to an increase in the position estima-
tion accuracy when the Mean Squared Error (MSE) implications are considered.
It is also shown that this hardware requirement reduction leads to the NOI’s
position estimate being dependent on the intersection of two ellipses in contrast
to the three intersecting ellipses required for EL. This consequently implies that
there is also a reduction in the computational cost required to determine the
NOI’s position estimate.
As depicted in Figure 3.11, the proposed full solution to the position estima-
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tion task operates in two phases. The required hardware are two receivers (Rx1
and Rx2) and one transmitter (Tx) which are placed at coordinates (q, p − q),
(p− q, q) and (q, q) respectively4. In the first phase which is referred to as ‘post
pre-localisation’, s1(t) and s2(t) are defined as the resultant reflected signals due
to the Tx - Rx1 and Tx - Rx2 combinations respectively when the pre-localisation
algorithm is invoked. Denoting the angle of incidence as θia(a=1,2) (θi1 for Tx - Rx1
and θi2 for Tx - Rx2), θi3 is defined as the sum of θi1 and θi2. with reference
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Figure 3.11: Proposed Full Position Estimation Solution
to the operational principles of the EL position estimation technique, the relevant
ellipse defining parameters are extrapolated from s1(t) and s2(t) and two ellipses
similar to those depicted in Figure 3.11 are defined. It was observed that by fixing
4With the maximum transmission range being 30 m, p assumes this value. q represents
an arbitrary integer value that enforces a separation distance between the transmitter/receiver
and the walls of the 2D solution space if required.
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the centers of both ellipses to (0, 0.5p) for the Tx - Rx1 combination and (0.5p, 0)
for the Tx - Rx2 combination, there will be two unique and trivially differentiable
intersection points of both ellipses.
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Figure 3.12: NOI Localisation for 7 different positions
The second phase which encompasses the main position estimation process
identifies all the intersection points of the two ellipses generated in the first phase
and categorises them with an aim to clearly distinguish between intersections
that reveal the position of the NOI from intersections based on geometry. As
Figure 3.11 illustrates, one of the intersection points will always be a coordinate
inside the defined solution space while the other intersection point will always
be outside the defined solution space. Additionally, it is clear from Figure 3.11
that the coordinate which lies in the defined solution space would have positive
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values while the other coordinate would have negative values. The geometric
dependence of EL ensures that the required coordinate (i.e. position of the NOI)
coincides with the positive values which lie in the defined solution space. The
robustness of this was then put to test by varying a priori positions of the NOI in
the grid whilst keeping the center of the generated ellipses for both combinations
fixed as (0, 0.5p) and (0.5p, 0) respectively. As Figure 3.11 depicts, when the
NOI is placed at seven different positions, there will be fourteen intersection
points. With the stars symbolising intersections in the positive region of the
grid and the circles symbolising negative intersections, it is clear that there are
seven intersections within the grid and an equal amount of seven outside the grid.
This shows that for any position of the NOI within the solution space defined
by the UWB transmission range, there will always be two dissimilar and easily
identifiable intersection points when the ellipse are defined using the fixed center
coordinates.
3.4.5 The 3-D Solution Space
To successfully complete the required position estimation task in most appli-
cations, it is sufficient enough to determine the 2-D coordinates of the NOI’s
position; hence the vertical distance component (i.e. ‘z’ coordinate or height)
of the NOI’s position is usually omitted from the estimation process. However,
in some position estimation applications which require an estimate of the NOI’s
height/‘z’ coordinate for its successful completion, this omission is inappropriate.
For example, in healthcare applications such as the UWB-based fall detection
presented in chapter 5 of this thesis, the ‘z’ coordinate plays a vital role in defin-
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ing the postural orientations required to determine if a patient has fallen down.
Having mentioned that, an explicit definition of a full 3-D position estimation
technique or a 3-D extension to any 2-D position estimation technique is never
quite detailed in modern literature5. It is usually ambiguously written that the
3-D estimate of the NOI’s position could be obtained by including an extra re-
ceiver to the configuration employed for the 2-D solution, in a 3-D solution space
[7, 19, 24]. Without any clear information about the placement (optimum or
sub-optimum) of the additional receiver in the 3-D solution space based on the
underlying 2-D positioning technique, the transition from 2-D to 3-D remains
very probable but expectedly, it becomes very cumbersome. To this effect, a 3-D
extension to the complete 2-D UWB-based EL technique presented in the previ-
ous section is presented in this section. The placement of the extra receiver based
on EL is explicitly defined in the 3-D solution space and it is shown that the 3-D
estimate of the NOI’s position can be determined by splitting the 3-D solution
space into two independent 2-D solution spaces (i.e. x − y − z grid is split into
x− y grid and y − z grid).
Following the solution space splitting and with reference to the principles of
EL, range or proximity measurements are then obtained from the independent
2-D spaces by initially applying the pre-localisation algorithm and then making
two transmitter-receiver combinations per 2-D space. More significantly, it is
once again illustrated that by considering the properties of UWB in the design
process, the hardware requirement which for 3-D position estimation is currently
set to at least four receivers and one transmitter, can be reduced by one receiver.
Figure 3.13 depicts the front view of the proposed 3-D solution. For ease of
5The 3-D solution contains the vertical distance component (i.e. (x, y, z))
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Figure 3.13: Front view of proposed 3D solution
demonstration, it is assumed that the indoor environment takes the form of a
cube; hence the Length (L), Breadth (B) and Height (H) of the room are equal
(i.e. L = B = H). Additionally, ‘L’ is set to any value that ensures that the UWB
transmission range (UWBr) is either at a maximum of 30m or does not exceed it
[21]. ‘p’ is an arbitrary integer value that enforces a non-mandatory separation
of all transmitters/receivers from the side of the walls. With reference to Figure
3.13, Tx, Rx1, Rx2 and the height/z coordinate defining receiver Rx3 are placed
in the environment. The 3-D solution space is split into the x− y and y − z 2-D
grid, and independently, they are used to determine coordinates (x, y) and (y, z)
of the NOI’s position respectively. Table 3.1 details the coordinate allocation for
the relevant transmitter and receivers in both 2-D grids.
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Transmitter/Receiver x-y grid allocation y-z grid allocation
Tx (p,p) (p,p)
Rx1 (p, B-p) (B-p, p)
Rx2 (L-p, p) -
Rx3 - (p, H-p)
Table 3.1: Coordinate allocation of transceivers in independent 2-D solution space
3.4.5.1 The 3-D position estimation
In both 2-D grids and with reference to the operational principles of EL, the em-
ployed UWB signal is transmitted asynchronously, range or proximity measure-
ments are made, range sums are determined and corresponding ellipses are con-
structed for all the grid-relevant transmitter-receiver combinations6. The range
sum for each combination is used to define the parameters for the individual
ellipses as explained in the previous sections and Algorithm 1.
The construction of the ellipses for the x − y grid has been detailed in the
previous section; hence only the process of generating the ellipses for the y − z
grid is illustrated here. Considering the Tx - Rx1 and Tx - Rx3 combinations, when
the UWB signal is transmitted, sd(t) and sr(t) are received; and based on their
time difference, the range sum is defined. Consequently, ellipses E(i=1,2) in Figure
3.14 are defined in accordance with equation 3.1 (this process is summarised as
Algorithm 2 in Appendix A)7.
(xi − hi)2
ai2
+
(yi − ki)2
bi
2 = 1 (3.2)
6Tx - Rx1 and Tx - Rx2 for the x− y grid; Tx - Rx1 and Tx - Rx3 for the y − z grid
7sd(t) refers to the resultant signal when the signal travel path is from the transmitter to
the receivers by means of the LOS propagation and sr(t) refers to the resultant reflected signal
when the UWB interacts with the NOI.
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Figure 3.14: Generation of Ellipses for (y, z) grid
ai is defined as half the range sum; and bi is defined as a1
√
1− e2i . In turn,
ei represents the eccentricity of the ellipse and is defined as the ratio of fi to ai
where fi is half the distance between the two foci of the ellipse. (hi, ki) is the
center coordinate of the ellipse and it is defined as E1 are fixed to (0.5B, p) and
(p, 0.5H) for ellipses E1 and E2 respectively. The intersection of E1 and E2 leads
to two intersection points which are differentiated accordingly to determine the
position of the NOI. The intersection coordinate that defines the position of NOI,
becomes the (y, z) coordinate; and upon completion of this same process for the
x-y grid, the intersection coordinates that define the position of the NOI become
the (x, y) coordinates.
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3.5 Numerical Simulations
3.5.1 Proposed Method vs. EL Method (2-D)
Intuitively, the efficiency of both methods rely heavily on the accuracy of the
initial TOA measurements obtained from the individual Tx - Rxi(i=1,2,3,...n) pair-
ings [7]. Consequently, the necessary comparison parameter between two or more
TOA-driven position estimation techniques become the MSE value obtained while
performing the position estimation task in the presence of a common TOA mea-
surement variance (TOA-MV). The MSE of a specified estimator in either a 2-D
or 3-D ranging solution space is a measure of its accuracy and it is defined fun-
damentally as the difference between the true value of a parameter and the value
that is implicitly defined by the estimator [7, 99].
MSE(θi=x,y,z) = E[(θ
′
i=x,y,z − θi=x,y,z)
2
] (3.3)
where θi=x,y,z = true value and θ
′
i=x,y,z = implied value
Equation 3.3 gives the mathematical representation of the MSE; and the subscript
‘i’ defines the specific element in the coordinate structure that is under test (i.e.
i could either be x, y or z). Considering LOS propagation conditions, the TOA-
MV is modelled as a normally distributed gaussian random variable N(0, σ2)
and 1000 random samples each for a fixed range of standard deviation (σ) of the
TOA measurements were generated. The range of σ was fixed to coincide with
a localisation accuracy that spans from 3 cm to 30 cm (i.e. 0.1 ns to 1 ns). For
the simulation based comparison an indoor environment with a perimeter that is
within the UWB transmission range was considered. The NOI was subjected to
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a number of fixed coordinates but for demonstration purposes, three randomly
picked coordinates namely (28, 28), (10, 10) and (14, 17) are chosen. The initial
TOA measurements that result in the determination of all three coordinates using
both the current and proposed methods are each corrupted with the randomly
generated Gaussian noise samples over the defined σ range; and then the NOI’s
location is redetermined using both methods. Figures 3.15, 3.16 and 3.17 show
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Figure 3.15: Mean Squared Error (MSE) comparison for coordinate (28, 28)
the resultant standard deviation σ vs. MSE plots for the specified σ range when
the fixed coordinates are compared with the coordinates redetermined using the
corrupted TOA measurements. These plots clearly show that a corruption in
the TOA measurements just as it is bound to happen in practice by means of
interference or unresolved multipath signals, has as expected a negative effect
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Figure 3.16: Mean Squared Error (MSE) comparison for coordinate (10, 10)
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Figure 3.17: Mean Squared Error (MSE) comparison for coordinate (14, 17)
on the localisation effectiveness and efficiency of both the proposed and current
EL methods. Additionally and most importantly, it is also clear to see that the
proposed method will always have a better location estimation accuracy in terms
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of MSE when compared to the current EL method in a 2-D solution space.
3.5.2 Proposed Method vs. EL Method (3-D)
Considering the EL approach and the proposed solution in both the x-y and y-z
grids, the NOI was yet again subjected to a number of fixed coordinates. The
simulation results for a fixed 3-D coordinates namely (10,9,8) is described below.
For the EL approach and the proposed solution in the independent 2-D grids,
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Figure 3.18: Mean Squared Error (MSE) comparison for coordinate (10, 9, 8)
the TOA measurement for the relevant combinations based on Figures 3.3, 3.11
and 3.14 were corrupted with TOA-MV and the position estimate was determined.
With both 2-D solution spaces deemed to be independent from each other, it is
assumed that the indirect effect of interference, mild NLOS propagation scenarios
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and multipath signal propagation, and their collective impact on the defined
TOA-MV used in the MSE analysis will be dissimilar in both spaces. To this
effect, in order to define the TOA-MV for the two independent solution spaces
accordingly, different sets of 1000 random variables were generated within the
fixed σ range which was defined in the previous section (i.e. the 2-D case).
Additionally, for the purpose of a fair comparison between all three approaches,
the TOA-MV used in the MSE analysis for the EL approach is the same as those
defined for the x-y independent solution space due to the fact that EL approach
also lies in the x-y grid. Figure 3.18 shows the MSE comparison results of the
specified coordinate for the EL approach and the independent grids. As expected,
position estimation using the proposed approach for either of the two 2-D grids
performs much better than position estimation using the EL approach. It can
also be observed from Figure 3.18 that the MSE values of x-y is lower than y-z
in the simulated scenario. This MSE value dissimilarity is due to the dissimilar
and random nature of the normally distributed Gaussian random variable N(0, 2)
that was used to the generate the TOA-MV which was used for the MSE analysis.
3.6 Case Study: Benign Prostatic Hyperplasia
(BPH)
In some telecare-driven position estimation application scenarios such as those
described in [33–36, 100, 101], the need for an effective means of tracking the
real-time positions and movements of a Patient In Care (PIC) could arise. For
example, consider a PIC who by virtue of their gender, age and some hereditary
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factors is being monitored for early signs of benign prostatic hyperplasia (BPH) or
enlarged prostate [102, 103]. BPH is a non-malignant disease (i.e. not cancerous)
and it is characterised by an increase in the size of the prostate gland. This
increase usually results in the retention of urine in the bladder and ultimately
an increase in the frequency at which the BPH patient urinates all through the
day and night; hence monitoring the patient’s urination patterns over a period of
time for any anomaly is potentially a good way to identify early signs of BPH.
A telecare solution would eliminate the tedious and time consuming process a
continuous interaction between a medical personnel and the patient would involve
in an attempt to monitor the patient’s urination patterns over a period of time;
and replace it with an alternative system that is not only capable of monitoring
the patient’s urination patterns and give statistical feedbacks to a control cen-
tre, but potentially also intelligent enough to make health related decisions based
on these patterns. The research work reported in [104, 105] demonstrates this
potential. The telecare task here becomes one that requires the constant moni-
toring of a patient’s urination habits by means of tracking them in an attempt to
determine if the observed trends are similar to that which is expected for either
an early or a developed BPH case.
One possible approach to solving this task is by remotely tracking the patient’s
daily visits to the lavatory. By tracking the daily visits to the lavatory, the
frequency at which the patient uses the lavatory can be determined, stored and
compared with a typical frequency chart for a typical early or developed BPH
case to determine the patient’s current status. The underlying principle behind
any position estimation solution to this task is as thus:
• Each time the patient’s location in the defined solution space is determined
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Figure 3.19: Aerial view of proposed tracking scheme
by the employed position estimation system, the location coordinates are
translated to the control centre as a symbol (i.e. ’+’, ’-’, ’*’, etc.); and as
the patient moves along in the solution space, so does the symbol in the
solution space to mimic a progressive moving motion.
• The set of 2-D coordinates that encompasses the lavatory in the defined
solution space is fixed, will always be known, and would always be visible
to the control centre; and hence once the translated real time coordinate
that depicts the location of the patient positively correlates with any of
those coordinates that encompass the lavatory, the patient’s location would
be inferred to be the lavatory.
• Each time the patient is inferred to be in the lavatory, its occurrence is
noted and the lavatory visit frequency count is increased by 1
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3.7 Conclusion
3.7.1 Summary
In conclusion, a full solution to the position estimation task of estimating the
location of NOI has been proposed. The proposed solution is capable of deter-
mining an estimate of the NOI’s position in either a 2-D or 3-D solution space.
It determines an estimate of the NOI’s position by initially tackling the prob-
lem of multipath propagation using a pre-localisation step. Succeeding the pre-
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localisation step, the required number of transmitter and receivers, are placed
strategically in a defined environment and the estimate is obtained using EL.
In this chapter, it has been shown that the hardware (i.e. transmitter/receiver)
requirement for EL can be reduced by a single receiver. It has also been shown
through a series of simulation that this hardware reduction leads to an increase
in the position estimation accuracy. Additionally, just as Table 3.2 depicts it, the
proposed solution has the least number of total hardware requirement when com-
pared to conventional position estimation techniques. More significantly, with
all the techniques listed in Table 3.2 being reliant on TOA for their implemen-
tation, it can be intuitively deduced that the proposed solution has the lowest
computational cost.
Positioning Technique Tx (2-D) Rx (2-D) Tx (3-D) Rx (3-D) Total
TOA 1 3 1 4 5
TDOA 1 3 1 4 5
TSOA 1 4 1 5 6
Current UWB-EL 2 4 2 5 7
Proposed UWB-EL 1 2 1 3 4
Table 3.2: Hardware requirement for different time-based position estimation
techniques
3.7.2 Contributions
The main research contributions presented in this chapter can be summarised as
follows:
• Definition of a pre-localisation algorithm that identifies position defining
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UWB signals from a group of multipath signals in a defined indoor envi-
ronment.
• Reduction of hardware requirements for EL position estimation by the ex-
plicit consideration of the UWB transmission range in the position estima-
tion process.
• Explicit definition of the 3-D position estimation technique and the solution
space. This 3-D solution space is characterised by the addition of a receiver
to an already defined 2-D solution space. The presented technique deter-
mines the estimate of the NOI’s position by initially splitting the defined
3-D space into two 2-D independent spaces, and thereafter solving for the
required coordinates.
These research contributions have been documented and reported in three tech-
nical conference papers titled “UWB based Pre-localisation Algorithm for Aiding
Target Location in a Multipath Environment”, “UWB-based Elliptical Target
Localisation in an Indoor Environment” and “UWB-based Indoor 3D Position
Estimation for Future Generation Communication Applications”. In September
2011, May 2013 and December 2013, all three papers were accepted for presen-
tation and subsequent publication by the IEEE Conference on Ultra-Wideband
(ICUWB) [106], IEEE Workshop on Systems, Signal Processing and their Appli-
cations (WoSSPA) [107] and the IEEE Conference on Future Generation Com-
munication Technologies (FGCT) [108].
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Chapter 4
A Novel UWB-based
Multilateration Technique for
Indoor Localisation
4.1 Introduction & Problem Statement
In this chapter, a novel multilateration technique which is based on UWB commu-
nications is presented. Albeit novel and dissimilar with regards to the approach
taken to solve the underlying position estimation problem in comparison with
other position estimation techniques, the proposed solution which is coined as
Time Reflection of Arrival (TROA) is also geometrically driven. However, as it
is shown and described during the course of this chapter, by carefully considering
the inherent properties of the UWB technology as a whole; and the reflection
properties of transmitted UWB signals specifically, the position estimation error
is reduced. The fundamental working principles of the ostensibly overlooked vari-
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ant of the TOA position estimation technique namely TSOA, is exploited; and
subsequently used to derive the proposed TROA multilateration technique. By a
direct comparison between TROA and two existing multilateration techniques, it
is also shown that indoor position estimation can be achieved much more effec-
tively using the proposed solution. In the latter sections of this chapter, a new
theoretical lower bound on the covariance of the TROA estimator based on the
Crame´r-Rao lower bound (CRLB) is derived. The CRLB is subsequently used
to show the level of efficiency of the proposed TROA multilateration technique
when the MSE implications are considered. The rest of this chapter is organised
as thus: Section 4.2 gives an in-depth introduction into the concept of TSOA
based multilateration; Section 4.3 illustrates the proposed techniques functional-
ity right from its initial conception; and also bridges any inadvertent gap between
its conceptualisation, practical ramifications and theoretical accuracy. Section
4.4 discusses the UWB channel modelled for the proposed TROA multilateration
scheme; Section 4.5 validates the technique by means of simulation and CRLB
analysis; and Section 4.6 summarises and concludes this chapter.
4.2 Background
Essentially, TSOA multilateration involves the propagation of signals from a NOI
to known and fixed reference nodes (RNi=1,2,3....n) or anchors [7, 19]. The reference
nodes are typically receivers; and conventionally, the NOI is required to be either
active (i.e. a mobile station) or semi-passive (i.e. a semi-passive radio frequency
identification (RFID) tag); or alternatively have an inherently active or semi-
passive component that facilitates its signal propagation to the various reference
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nodes required for multilateration [7, 18, 19]. As depicted in Figure 4.1, following
the signal propagation from the NOI, two reference nodes are usually paired
together to generate a range sum estimate which is used to define a conic section
whose semi-major axis is always greater than its semi-minor axis (i.e. an ellipse)
[19, 64].
 
 
 
 
 
NOI 
RN1 
DNOI-RN2 
DNOI-RN1 
RN3 
E1 
RN2 
 = Direction of Signal Propagation 
 
Figure 4.1: Generation of a single ellipse using two RN ’s
With reference to Figure 4.1 and considering the pairing between RN1 and RN2,
the range sum is defined as the algebraic sum of DNOI−RN1 (distance between NOI
and RN1) and DNOI−RN2 (distance between NOI and RN2). Assuming a LOS
separation between the NOI and both reference nodes, DNOI−RN1 and DNOI−RN2
are determined by multiplying the arrival time of the propagated signal at the
respective nodes by c. The general equation for the defined ellipse (Ei) based on
the range sum is given by equation 4.1 where (hi, ki) is its centre coordinate, ai
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is its semi-major axis; and bi is its semi-minor axis [64].
(xi − hi)2
ai2
+
(yi − ki)2
bi
2 = 1 (4.1)
Denoting E1 of centre coordinate (h1, k1), semi-major axis a1 and semi-minor
axis b1 as the ellipse defined by the pairing between RN1 and RN2, when a
third reference node (RN3) is introduced and paired with RN2 just as Figure 4.2
depicts, another ellipse (E2) with center coordinate (h2, k2), semi-major axis a2;
and semi-minor axis b2 is defined.
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Figure 4.2: Generation of two ellipses using three RN ’s
Based on the fact that the definition of both E1 and E2 are dependent on the
common NOI, their intersection will always result in a set of intersection points
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(Ip) with one member of the set identifying the position of the NOI. However
and with reference to Figure 4.2, identifying the intersection point that denotes
the exact position of the NOI tends to become a cumbersome task when the
intersection between E1 and E2 results in more than two Ip’s. Ultimately, there
is a need for a practical way to differentiate intersection coordinates between E1
and E2 that define the position of the NOI from those that come about as a direct
consequence of the general geometry. To this effect, the classical trilateration
process which is a feature of most hyperbolic driven positioning techniques is
usually invoked [7, 19, 24]. In general, trilateration is a multilateration process
that locates a NOI using exactly three vantage points (V P i=1,2,3).
In the scenario depicted by both Figures 4.1 and 4.2, V P 1 would be the ref-
erence node pairing between RN1 and RN2 that defines E1; and V P 2 would be
the reference node pairing between RN2 and RN3 that defines E2. Introducing a
third vantage point just as the trilateration process postulates introduces a third
ellipse which brings us a step closer to resolving the ‘coordinate of the NOI’ am-
biguity problem. By introducing another reference node RN4, and considering
the vantage point that would bring about the pairing between itself and any of
the previously defined three reference nodes, a third ellipse E3 with center coor-
dinate (h3, k3), semi-major axis a3; and semi-minor axis b3 is defined. As before,
by virtue of all three ellipse definitions being dependent on the NOI, there will be
one common coordinate between all three ellipses when they intersect. However,
when they do intersect, there will be quite a number of intersection coordinates
between the vantage point pairings but there will only be one unique intersection
coordinate for the intersection of all three conic sections. That unique coordinate
of intersection is (xnoi, ynoi) and as a consequence, the location of the NOI. At
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this junction, it is noteworthy to mention that the success of the described trilat-
eration process is partially dependent on the proper placement of the reference
nodes in a defined indoor environment prior to its execution [7, 18]. Figure 4.3
depicts the aerial view of a typically effective placement configuration of all four
reference nodes required for the trilateration process. The reference node pair-
ings RN1 - RN2, RN1 - RN3 and RN1 - RN4 assume the form of V P 1 (E1),
V P 2 (E2) and V P 3 (E3) respectively; and the TSOA trilateration process is com-
pleted accordingly to determine the coordinates of the NOI [7, 18]. Algorithm 2
(in Appendix A) serves as a summary of the TSOA multilateration process.
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Figure 4.3: Generation of two ellipses using three RN ’s
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4.3 Proposed TROA Multilateration Technique
As the demand for an increase in the accuracy and a substantial decrease in
the complexity of position estimation techniques has seen an exponential in-
crease in recent years, TSOA based multilateration techniques have seemingly
not been considered as potential accuracy enablers. As [7, 18, 19, 24, 109] ex-
plain, the general consensus seems to be that they do not provide any additional
performance advantage(s) over the widely used hyperbolic based multilateration
techniques. In this chapter, this is proven to be right by means of a direct com-
parison with the TOA multilateration technique as well as the proposed TROA.
Furthermore, and as previously mentioned, the fundamental operational princi-
ples of the TSOA driven multilateration process are used to define the novel and
UWB-driven TROA multilateration technique.
4.3.1 The Optimum Solution Space
The proposed TROA system is optimised for position estimation in both a square
and rectangular shaped indoor environment; and its setup in both quadrilaterals
are depicted in Figure 4.4. Prior to its setup in the environment, the value of
‘A’ which would intuitively always be the largest distance in both quadrilaterals,
is determined (A =
√
2L2 for the square and A =
√
L2 +B2 for the rectangle).
This is carried out to ensure that all signal propagation in both cases is within the
indoor UWB transmission range (RUWB) which is in the order of tens of metres;
and typically less than or equal to 30 m [19, 21, 23, 24]. To this effect, any
squared or rectangular shaped indoor environment that satisfies the condition of
A ≤ RUWB is defined as the ‘Optimum 2D Solution Space (O2SS)’. In an event
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of the TROA system being setup outside the O2SS, there will be regions with no
signal propagation; and this would lead to a high reduction in the performance
of the system and ultimately a failure in the localisation task.
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Figure 4.4: Aerial view of TROA system setup for a square and rectangular
shaped indoor environment
4.3.2 TROA Multilateration
In contrast to both the conventional TOA and TSOA based multilateration tech-
niques that require either an active or a semi-passive NOI to enable signal prop-
agation from it (the NOI) to the relevant reference nodes, TROA is conceived to
rely wholly on an inherently passive NOI. In most indoor residential applications,
the NOI tends to range from secondary targets such as key electrical appliances
and other non-electronic devices to much more primary and inherently animate
targets such as the human body [19, 21, 24]. For position estimation using the
proposed method, the NOI which could either be a primary or secondary tar-
get is equipped with a passive lightweight material of known electrical properties
(i.e. conductivity, permittivity, loss tangent, dielectric constant). In [110], it was
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shown that based on the reflection properties of UWB signals as well as hav-
ing a priori knowledge of the electrical properties of the material that is used
to make up an OOI (lightweight material attached to the NOI in this scenario),
it is possible to determine and predict the expected reflected waveform at any
UWB receiver (reference node in this scenario) when a UWB signal is incident
on the object of interest. Taking this into consideration, TROA multilateration
is initially defined in accordance with that which is depicted in Figure 4.5. With
reference to Figure 4.5, TROA replaces TSOA’s dependence on RN1 and RN2
with a UWB transmitter (Tx); and a UWB receiver (Rx) respectively. When Tx
transmits a UWB signal, a version of it will be received at Rx by virtue of the
LOS provisioning at a distance of DLOS; and after a time delay which is brought
about by the reflection of the UWB signal off the lightweight material attached
to the NOI, a version of the signal is also received at Rx.
Considering a simplistic albeit realistic two-path propagation model and a
square shaped indoor environment, it is initially assumed that there are no
multipaths in the environment (i.e. noise-free propagation environment); and
hence no destructive reflections in the environment during the propagation of the
UWB signal. Additionally, it is also assumed that there is always a LOS separa-
tion distance between the transmitter (Tx) and the corresponding receivers (i.e.
Rxi=1,2,3...n). Once the environment gets tested for compliance with the O2SS re-
quirement and passes it (i.e. A ≤ RUWB) , a transmitter (Tx) and three receivers
(Rx1, Rx2 and Rx3) are deployed in the square as thus. Likening L and B which
is defined in Figure 4.4 to the typical x and y axis on a 2-D x-y grid respectively,
Tx is deployed at coordinate (0.5p, 0.5L), Rx1 is deployed at coordinate (L - 0.5p,
0.5L), Rx2 is deployed at coordinate (0.5p, L - 0.5p) ; and Rx3 is deployed at co-
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Figure 4.5: Generation of ellipses using TSOA and TROA Multilateration ap-
proaches
ordinate (0.5p, 0.5p) where p is strictly an arbitrary positive integer that enforces
a displacement of both the transmitter or receiver from the edges of the O2SS.
In liaison with Figure 4.6, V P 1 becomes the pairing between Tx and Rx2 while
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Figure 4.6: Generation of ellipses using proposed TROA approach
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V P 2 and V P 3 become the pairings between Tx and Rx3; and Tx and Rx1 respec-
tively. DLOS1, DLOS2 and DLOS3 are the respective LOS separation distances
between the V P 1, V P 2 and V P 3 pairings. Considering V P 1, when an UWB
signal x(t) is transmitted by Tx, x
′(t) is received by Rx2 at time t1 by virtue of
the LOS provisioning. At time t2, s(t) is also received by Rx2 by virtue of x(t)
reflecting off the NOI. Since α is the time delay between the reception of x′(t) and
s(t), considering the ideal nature of the assumed environment, α is determined
by cross correlating s(t) and x(t) (i.e. Rsx(τ)). A simple plot of Rsx(τ) will lead a
single peak occurring at the point where τ = α; hence the value of α can be easily
deduced from the plot. However this can only be done by an initial estimation of
s(t) which is achieved by a convolution between x(t), the impulse response of the
indoor UWB channel h(t) and the reflection coefficient of the UWB signal r(t)
[21, 23, 24]. A multiplication of α with c and then adding it to DLOS1, generates
the ‘range sum’ associated with V P 1. Repeating the same process for both V P 2
and V P 3 generates the range sum associated with them.
4.3.3 Conic Section Definition and NOI Identification
With reference to the general equation of an ellipse given by equation 4.1; and
taking all three vantage points into consideration, ‘ai’ is defined as half the range
sum (i.e. range sum/2); and ‘bi’ is defined as ai
√
1− e2i where ‘ei’ denotes the
eccentricity of the ellipse. ei in turn is defined as fi / ai where ‘fi’ is half the dis-
tance between the two foci of the ellipse. Consequently, ‘fi’ can be re-defined as
half the distance between the LOS separation between Tx and the corresponding
receivers (i.e. f1 = DLOS1/2 for V P 1, f2 = DLOS2/2 for V P 2 and f3 = DLOS3/2
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for V P 3). Just as Figure 4.6 depicts, for all three vantage points, three ellipses
E1, E2 and E3 which are respectively centered at (0.5p, ((L - 0.5)+(L/2))/2),
(0.5p, 0.5f 2) and (0.5f 3, 0.5L) are constructed accordingly. Usually, at this stage
of the multilateration process, trilateration is invoked to determine the coordi-
nate of the NOI just as we discussed earlier for the TSOA scenario. However, for
our proposed TROA, we perform the trilateration process in a non-conventional
manner by a series of ellipse grouping and comparisons. Essentially, the coordi-
nate of the NOI’s location is determined using Algorithm 1 (in Appendix A) by
an initial grouping of the defined ellipses; and thereafter a direct comparison of
intersection points for similarities. For a given execution cycle, ellipses E1 and
E2 are grouped; and their intersection coordinates {(x(1), y(1)) and (x(2), y(2))}
are determined. In a similar manner, ellipses E1 and E3 are also grouped; and
their intersection coordinates {(x(3), y(3)) and (x(4), y(4))} are also determined.
With a combination of four intersection coordinates determined for both group-
ings, Algorithm 1 completes its current execution cycle by identifying a pair of
coordinates in both groups that have similar values. This identified similar values
denotes the coordinate of the NOI; and ultimately its location in the given indoor
environment.
4.3.4 Determination of Intersection points of ellipse
Ellipses E1 and E2 are said to have common roots based on them intersecting on
a x-y grid if their Bezout determinant is zero [111].
(x1 − h1)2
a12
+
(y1 − k1)2
b1
2 = 1 (4.2)
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(x2 − h2)2
a22
+
(y2 − k2)2
b2
2 = 1 (4.3)
If the equations of both ellipses are defined by equations 4.2 and 4.3 respectively
where (h1, k1) and (h2, k2) are their respective centre coordinates, h1 = p, k1 =
((DLOS1 + 2p)/2), h2 = ((DLOS2 + 2p)/2); and k2 = p; in a similar manner to
[111], the Bezout determinant is defined by the quadratic polynomial:
R(y) = u4y
4 + u3y
3 + u2y
2 + u1y + u0 (4.4)
where u0 = det
v2 v4
v4 v10
 , u1 = det
 v0 (v7 + v9)
−v2 v10
− 2det
 v3 1
−v4 1
 ,
u2 = det
 v0 (v6 + v8)
−v2 (v7 + v9)
− det
 v3 −v4
2v1 v3
 ,
u3 = det
 v0 v5
−v2 (v6 + v8)
− 2det
v1 0
0 v3
 , u4 = det
v0 v1
v1 v5

v0 = 2det
a00(0) a01(0)
a00
(1) a01
(1)
 , v1 = det
a00(0) a11(0)
a00
(1) a11
(1)
 , v2 = det
a00(0) b0(0)
a00
(1) b0
(1)
 ,
v3 = det
a00(0) b1(0)
a00
(1) b1
(1)
 , v4 = det
a00(0) c(0)
a00
(1) c(1)
 , v5 = 2det
a01(0) a11(0)
a01
(1) a11
(1)
 ,
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v6 = 2det
a01(0) b1(0)
a01
(1) b1
(1)
 , v7 = 2det
a01(0) c(0)
a01
(1) c(1)
 , v8 = det
a11(0) b0(0)
a11
(1) b0
(1)
 ,
v9 = det
b0(0) b1(0)
b0
(1) b1
(1)
 , v10 = det
b0(0) c(0)
b0
(1) c(1)

Writing equations 4.2 and 4.3 initially in their quadratic forms and finally in
matrix forms, yield equations 4.5 and 4.6 respectively:
Y0
TA0Y0 + B0
TY0 + c0 = 0 (4.5)
where Y0 =
x
y
 ,A0 =
a00(0) = b12 a01(0) = 0
a01
(0) = 0 a11
(0) = a1
2
 ,
B0 =
b0(0) = −2h1b12
b1
(0) = −2k1a12
 ,
c0 = h1
2b1
2 + a1
2k1
2 − a12b12
Y1
TA1Y1 + B1
TY1 + c1 = 0 (4.6)
where Y1 =
x
y
 ,A1 =
a00(1) = b22 a01(1) = 0
a01
(1) = 0 a11
(1) = a2
2
 ,
B1 =
b0(1) = −2h2b22
b1
(1) = −2k2a22
 ,
c1 = h2
2b2
2 + a2
2k2
2 − a22b22
110
A Novel UWB-based Multilateration Technique for Indoor
Localisation
As a consequence, the Bezout determinant parameters become defined as thus:
v0 = 0, v1 = det
b12 a12
b2
2 a2
2
 , v2 = −det
2b12b22 0
0 −(h2 + h1)
 ,
v3 = det
−b12 2k1a12
−b22 2k2a22
 , v4 = det
−b12 (h12b12 + a12k12 − a12b12)
b2
2 (h2
2b2
2 + a2
2k2
2 − a22b22)
 ,
v5 = 0, v6 = 0, v7 = 0, v8 = det
−a12 2h1b12
a2
2 2h2b2
2
 ,
v9 = det
2h1b12 2k1a12
2h2b2
2 2k2a2
2
 ,
v10 = det
−2h1b12 (h12b12 + a12k12 − a12b12)
2h2b2
2 (h2
2b2
2 + a2
2k2
2 − a22b22)

With these defined parameters as well as the defined values of a and b, solving
equation 4.4 for y where R(y) = 0, determines all the y coordinates of the in-
tersection points of E1 and E2. For each y value, the corresponding x value is
determined by substituting y into either equations 4.5 or 4.6 and solving for x.
In the case where y is substituted into equation 4.5, y1 = y and x1 = x; and in a
similar manner, when y is substituted into equation 4.6, y2 = y and x2 = x.
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4.4 Communications Channel Consideration
The UWB transmit signal x(t) depicted in Figure 4.7 typically takes the form of
the second derivative of the Gaussian impulse function. With ∆T defined as the
nominal time duration of x(t), equation 4.7 gives its mathematical representation
[21, 112].
x(t) =
(
1− 16pi
(
t
∆T
)2)
e−8pi(t/∆T )
2
(4.7)
The use of this impulse function derivative as a UWB transmit signal is made
possible by carefully allocating ∆T specific values which ensure that the pulse
width of the signal is approximately 0.39 ns [21, 23, 24]. This careful allocation
results in a -10dB bandwidth of 7.5GHz with a maximum spectrum occurring at
5.78GHz.
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Figure 4.7: UWB Signal: Second derivative of Gaussian Impulse
112
A Novel UWB-based Multilateration Technique for Indoor
Localisation
This coincides with the maximum PSD allowed by the FCC for UWB communi-
cations [21, 113]. With the primary target application for the proposed TROA
technique being indoor medical and bio-medical applications, modern literature
informs us that theoretically, UWB communications and specifically UWB signals
have the potential to enable these applications with an acceptable time delay res-
olution of 50 cm or better [84]. However, multipath-driven time delays expected
in a practical indoor environment typically depend on the propagation scenario
(i.e. LOS or NLOS); and type of building (i.e. residential or commercial). In
[114], the authors have presented typical time delay values for a varied albeit
familiar range of transceiver (i.e. Tx - Rx) separation distances.
4.4.1 The UWB Channel Model
Distortion due to 
Edge 
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Figure 4.8: Physics-based pulse distortion model
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Generally, there are two approaches taken in the modelling of the UWB com-
munication channel namely the widely known and accepted empirical approach
[113, 115, 116] and the physics-based approach [115, 116]. In contrast to the
physics-based approach; and due to the inadvertent complexity in modelling pulse
distortions, empirical approaches are not readily available in a generalised closed
form; and this is where physics-based modelling comes into play [116]. At this
junction, it is noteworthy to mention that in physics, signal distortions due to
reflections are fundamentally dissimilar to signal distortions due to diffraction
[116]. From a multilateration vantage point, the parameter of utmost importance
is the first arriving MPC of the originally transmitted UWB signal [21, 64]. Nev-
ertheless, the successful detection and subsequent estimation of this MPC at a
receiver end is in most cases significantly hindered by the environmentally driven
reflections and diffractions. This hindrance brings about a need to model the
UWB communication channel in an attempt to cater for the destructive effects
(i.e. pulse distortions) reflections and diffractions will have on the transmitted
UWB signal. The physics-based approach models the indoor UWB communica-
tion channel as a collation of individually localised scattering centre (Si=1,2,3....n)
models similar to that which Figure 4.8 depicts.
For the distortion model depicted in Figure 4.8 which typifies the conventional
and well studied two-ray indoor communications model that is used in a lot of
UWB applications, there are three scattering centres (Si=1,2,3); and each of them
characterises the distortion of the UWB signal in its region by means of the
impulse response of the UWB signal to the reflection or diffraction brought about
by the surrounding inanimate object(s). The characteristic impulse response that
corresponds to each of the scattering centres are well documented in [115, 116].
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Additionally, at any given time, the arrival path of the UWB signal into scattering
centre Si is governed by the departure trajectory of the signal arriving from the
preceding scattering centre (i.e. Si−1).
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Figure 4.9: UWB channel model description for proposed TROA
Having mentioned that, for the research work presented in this chapter, the
modelling of the UWB communications channel is entirely governed by the physics-
based approach that is pertinent to S2 in Figure 4.8, when it is considered as an
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isolated scattering centre. As shown in Figure 4.9, for the channel model, the
dependency of the arrival path of the UWB signal on the departure trajectory
of the signal from the preceding scattering centre is replaced by a fixed omni-
directional UWB transmitter (Tx). Tx and the respective receivers are placed at
the corners of the ceiling just as Figure 4.9 depicts at specific coordinates which
were defined in verbatim in the previous section. With reference to [116] and
considering the vantage point that pairs Tx with Rx1 (i.e. V P 3 from the previous
section), for non-zero values of the incidence angle ψ of the transmitted UWB
signal x(t) where r and σ refer to the relative dielectric constant of the lossy
material and its conductivity respectively, the transfer function and its analogous
impulse response h(τ) associated with x(t) when it suffers some distortion pulse-
wise in a scattering centre similar to S2 is as a direct consequence of Geometric
Optics (GO) Rays (i.e. reflection off the lossy material); and is defined as:
h(τ) =
1
r1
δ(τ) +
1
r2
R1(τ) ⊗ δ(τ − τ1) (4.8)
where
R1(t) = ± Kδ(t) +R01(t),
and
R01(t) = Reflection Coefficient of transmitted UWB signal
=
(
4k
1− k2
)(
e−at
t
) ∞∑
n=1
(−1)n+1nKnIn(at),
τ1 =
(r2 − r1)
c
,K =
(1− k)
(1 + k)
,
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k =

√
r − cos2 ψ/(r sinψ) for vertical polarization
sinψ/
√
r − cos2 ψ for horizontal polarization
ψ = arctan
(hTx + hRx)
d
, r1 =
√
(hTx − hRx)2 + d2,
r2 =
√
(hTx + hRx)
2 + d2, a =
120piσc
2r
Just as [115, 116] have pointed out extensively, based on the fact that In(at) is
the modified Bessel function, for values of at ≤ 1, R01(t) can be manipulated and
finally reduced to:
R01(t) ≈ K 2k
1− k2 e
−(1+K)at
Without loss of generality, in our indoor environment and with reference to Figure
4.9, the values of hTx , hRx1 and hRx2 are the same; and hence ψ, r1 and r2 can all
be respectively re-defined as:
ψ = arctan
2h
d
, r1 = d, r2 =
√
2h2 + d2
where
h = hTx = hRx1 = hRx2 = hRx3
It suffices to say that the impulse response definition for the vantage point that
pairs Tx with Rx1 also follows through from the other two vantage points that
pairs Tx with Rx3 and Rx2 respectively just as Figure 4.9 illustrates. Intuitively,
the values for the UWB channel model parameters wholly depend on the lossy
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material being used for the localisation task. However typical values of r and σ
are 2.07 and 0.005 respectively when the lossy material being considered is the
material used to make a wooden door frame [96]. When the lossy material being
considered is the material used to make a cement surface, the values of r and
σ are 6 and 0.0166 respectively [21]. The primary aim of explicitly defining the
UWB channel model is to demonstrate the theoretical feasibility of our approach
in potential real-world experiments. The indirect implications of the simplified
UWB channel model on the validation of our technique, were considered. As
it is demonstrated in Section 4.5, these implications are in the form of the de-
fined standard deviation range of the normally distributed TOA measurement
variation.
4.4.2 UWB Channel Model for Multiple UWB Signal In-
teractions
Figure 4.10 depicts the structure of a typical UWB channel model for multiple
signal x(t) interactions when the vantage point that pairs Tx with Rx1 is con-
sidered. As with the previous modelling process, the modelling of the UWB
multipath channel is based on the physics-based approach that corresponds to
the isolated scattering centre S2 in Figure 4.8. Depending on the specified indoor
UWB application, multiple interactions between the transmitted UWB signal
x(t) and surrounding lossy materials which are either similar or dissimilar to the
NOI, occurs [115, 116]. Hence it is sufficient to model the impulse response of the
channel to both cases (i.e. Case A and Case B) independently. Case ‘A’ refers
to a scenario whereby the surrounding lossy materials in the defined O2SS are
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Figure 4.10: UWB Multipath Channel Model description
similar to the NOI in terms of their r and σ parameter values; and case ‘B’ refers
to a scenario whereby the surrounding lossy materials in the defined O2SS have
dissimilar parameter values to the NOI. The impulse responses h1(τ) and h2(τ)
of the multipath channel for both cases A and B can be derived respectively from
the generalised multipath definition explicitly detailed in [115, 116].
4.4.3 UWB Multipath Channel Power Delay Profile
For a given impulse response h(t) of a multipath channel, a measure of how
dispersed the received signal is with respect to the originally transmitted UWB
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signal x(t), is called the ‘power delay profile’ [19, 117]. Essentially, the power
delay profile indicates the degree of dispersion of the received signal; and is mea-
sured as the spatial average of |h(t)|2 [19, 117]. With the physics based modelling
process of h(t) being partially dependent on the electrical properties of the lossy
material and the NOI, the time of arrival of the multipath components also be-
comes dependent on the electrical properties of the lossy material. Hence the
power delay profile for every defined propagation scenario is dissimilar.
Figure 4.11: Illustration of the Power Delay Profile of the UWB multipath channel
However, just as Figure 4.11 depicts, the power delay profile for UWB chan-
nels typically assumes an exponential shape within each cluster and the mean
energy of each cluster assumes an exponentially decaying outlook [19, 117]. Ti
refers to the first MPC in cluster i while Tx,i refers to the x
th MPC in cluster i.
Numerical values for path arrival times and cluster power corresponding to the
LOS and NLOS in residential, office, industrial and outdoor environment have
been reported in [118].
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4.5 Validation of Technique
4.5.1 TROA vs. TOA vs. TSOA (Effectiveness Test)
Innately, the effectiveness of any geometric multilateration technique relies heav-
ily on the accuracy of the initially obtained TOA measurements. Notwithstand-
ing, it suffices to conclude that a necessary comparison between two or more
multilateration techniques in an attempt to determine their order of effectiveness,
becomes one that has to be driven by an introduced and calculated variation in
the TOA measurements. To this effect and considering LOS propagation condi-
tions all through these series of simulations, the TOA measurement variation for
all three methods (i.e. TROA, TOA and TSOA) is modelled as a normally dis-
tributed Gaussian random variable N(0, σ2); and for each method, 1000 random
samples are generated for a defined standard deviation (σ) range of the TOA
measurements. This range of σ is fixed to coincide with a localisation accuracy
that spans from 3 cm to 30 cm (i.e. 0.1 ns to 1 ns) just as it was done in chapter
3. The NOI was subjected to a number of fixed coordinates in a 2D grid, and in
Category Description
A x is equal to y (i.e. x = y)
B x is less than y
C x is greater than y
D x is even and y is odd OR x is odd and y is even
E x and y are both odd
F x and y are both even
G x is a multiple of y
Table 4.1: Categorisation of Coordinates
an attempt to generalise the proposition that TROA outperforms TSOA and
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Figure 4.12: Mean Squared Error (MSE) comparison for Category A
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Figure 4.13: Mean Squared Error (MSE) comparison for Category B
TOA in all cases, these fixed coordinates were classified into 7 functional cat-
egories. Just as Table 4.1 depicts explicitly, the coordinates were categorised
according to the typical numerical patterns in which an estimate of the NOIs
position can be obtained. For each category, a pair of x and y coordinate that
lies within the O2SS where A ≤ RUWB, was selected and the MSE analysis aimed
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Figure 4.14: Mean Squared Error (MSE) comparison for Category C
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Figure 4.15: Mean Squared Error (MSE) comparison for Category D
at determining the effectiveness of TROA in comparison to TSOA and TOA were
carried out. The initial TOA measurements that result in the determination of
all defined coordinates in each of the categories using TROA, TOA and TSOA
were respectively corrupted with the randomly generated gaussian noise samples
over the defined σ range; and the estimate of NOI’s location was subsequently
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Figure 4.16: Mean Squared Error (MSE) comparison for Category E
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Figure 4.17: Mean Squared Error (MSE) comparison for Category F
redetermined. Figures 4.12 to 4.18 show the resultant σ vs. MSE plots for the
specified σ range when the fixed coordinates are compared with the coordinates
redetermined using the corrupted TOA measurements. These plots clearly show
that a corruption in the TOA measurements just as it is bound to happen in
practice either by means of interference, mild NLOS propagation scenarios, pulse
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Figure 4.18: Mean Squared Error (MSE) comparison for Category G
distortion or unresolved multipath signals, has as expected a negative effect on
the localisation effectiveness on all three methods. In an apparent disagreement
with literature, these plots also show that TSOA has a better performance than
TOA. However, this better performance can be attributed to the extra receiver
requirement TSOA needs to perform the same positioning task as TOA (i.e.
TSOA = 4 Rx and TOA = 3 Rx); and hence backing up literature’s statement
that TSOA does not necessarily provide any additional performance advantages
over existing multilateration techniques [19]. Quite significantly, it is also clear
to see from these MSE plots that TROA will always have a relatively better po-
sition estimation effectiveness in terms of MSE when compared to the other two
methods over the defined σ range.
By inspecting Figures 4.12 to 4.18 a bit further, it can also be observed that
although TSOA has a comparatively good position estimation performance when
the Category A coordinate (5,5) is considered, TROA performs better than TSOA
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in all categories. To verify that TROA will always perform better than TSOA for
Category A coordinates, the previously described efficiency test (excluding the
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Figure 4.19: TROA vs. TSOA for (11, 11)
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Figure 4.20: TROA vs. TSOA for (2, 2)
TOA positioning technique) was conducted once again on three more Category
A coordinates namely [x, y] = [2, 2; 11, 11; 14, 14]. Just as Figures 4.19 to 4.21
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Figure 4.21: TROA vs. TSOA for (14, 14)
depicts, TROA will always perform better than TSOA even though its (TSOA)
position estimation ability of Category A coordinates is of a considerably good
level of efficiency.
4.5.2 Efficiency Test of TROA via CRLB
To study the efficiency of the proposed TROA approach, the MSE’s were com-
pared to a derived CRLB for the problem at hand (details of the CRLB deriva-
tion are given in Appendix B). Figures 4.22 and 4.23 illustrate the estimation
performance of our approach for the x coordinate and y coordinate of the NOI,
respectively on both the conventional and logarithm scales. The position estima-
tion performance has been studied for 3 different position of the NOI within the in-
door environment of interest; the considered positions are: [x, y] = [5, 5; 12, 4; 9, 14].
In these three cases, the TROA approach shows good performances where the
MSEs are close to their respective CRLBs.
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Figure 4.22: CRLB vs. MSE comparison for x coordinates of (5,5), (12,4) and
(9,14)
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Figure 4.23: CRLB vs. MSE comparison for y coordinates of (5,5), (12,4) and
(9,14)
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4.6 Conclusion
4.6.1 Summary
In conclusion, a novel UWB-driven multilateration technique for position estima-
tion in an indoor environment has been presented in this chapter. The presented
technique exploits the inherent properties of UWB signal propagation; and its def-
inition is in conjunction with the operational principles of the widely overlooked
and under-studied TSOA position estimation technique. The accuracy of the
proposed approach for a network of three receivers and one transmitter has been
studied and presented. By means of a series of statistically driven MSE analyses,
it has been shown that in comparison with TOA and TSOA, the proposed TROA
technique possesses a much higher accuracy with regards to position estimation.
The CRLBs have been computed using TROA measurement set; and it has also
been shown that the proposed TROA technique shows good performances when
the CRLB is directly compared with the MSE.
4.6.2 Contributions
The main research contributions presented in this chapter can be summarised as
follows:
• Explicit definition and description of a novel time-based position estimation
technique which is coined as Time Reflection of Arrival (TROA). TROA is
wholly UWB-driven and unlike conventional position estimation techniques,
it does not require the NOI to be either active or semi-passive.
• Explicit definition of the optimum 2-D TROA solution space in typical
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indoor environment shapes (i.e. square and rectangle).
• Derivation of a new theoretical lower bound on the covariance of the TROA
estimator based on the Crame´r-Rao lower bound (CRLB) to determine the
efficiency of TROA.
These research contributions have been documented and reported in a technical
journal paper titled “A Novel UWB-based Multilateration Technique for Indoor
Localisation”. In February 2014, it was accepted for publication by the IET
Communications Journal and has recently been included in the July 2014 edition
[119].
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Chapter 5
Case Study: Fall Detection
Algorithm for Alzheimer’s
Disease (AD) Patients
5.1 Introduction & Problem Statement
In this chapter, an inherently novel and Ultra-Wideband (UWB) driven algorithm
that performs the task of detecting unrecovered falls by an Alzheimer’s Disease
(AD) patient is presented. The proposed algorithm achieves this by cleverly us-
ing an element of the AD patient’s location information in a 3-D solution space
to determine their real-time postural orientation (i.e. fallen down, standing up,
lying down) in a specified indoor environment. The utilised element is the ‘z’ co-
ordinate of the patient’s location information and it is obtained from a known
point on the patients body. When this element is measured relative to the ground
plane of coordinates (0, 0, 0), the height of the patient or the vertical distance
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(Vd) between the patient and the floor is defined. Based on the specified AD pa-
tient’s physical attributes, Vd is subsequently compared with a set of pre-defined
heights that correspond to postural activities exclusively carried out by the pa-
tient. As it is shown in the following sections, this is done in order to facilitate the
determination of the real-time postural orientation of the patient and ultimately
ascertain if they have fallen down. Once a fall has been inferred and ascertained,
the duration in which the patient’s Vd value remains in the fall defining range
is monitored for a fixed time to determine if they have recovered from the fall1.
In the event that the Vd value either fails to increase within the allocated time
or fluctuates sporadically within the allocated time, an alarm is triggered and a
medical personnel is notified. For the entirety of this work, TSOA is employed
as the underlying position estimation technique. TSOA is chosen because as im-
plied in chapter 3, even though there is an additional receiver requirement for
its implementation in comparison to both TOA and TDOA, it offers a better
accuracy2.
5.2 Background
Dementia to all intents and purposes is an unremitting disease that affects people
that are of the ages of 65 and above (i.e. elderly people) [120–122]. One of the
most common forms of dementia that is usually observed in this category of
people is Alzheimer’s Disease (AD) [120, 121]. With AD, the sufferer’s reduced
1A Vd value that gradually increases with time is an indicator that the patient attempting
to recover from the fall while a Vd value that remains constant over a period of time indicates
no recovery attempt.
2It is noteworthy to mention that at the time this algorithm was formulated, TROA was yet
to be conceptualised. Hence future work could entail a comparison between a fully defined 3-D
TROA and TSOA to determine the better technique accuracy-wise.
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brain capacity and functionality which is as a direct result of a combination of
the adverse effect of this disease and the drugs being administered to combat
it, makes them a lot more prone to a constant deterioration in their cognitive
functions. Notably, this ultimately leads to a high occurrence of involuntary
falling. In some cases, the involuntary fall is relatively mild and the patient is
able to recover from it in a timely manner, while in other cases, the severity of
the fall results in the inability of the patient to recover from it. In this work, we
focus wholly on unrecovered falls and explicitly define an algorithm that detects
such falls by using the patient’s location information.
5.3 The Fall Detection Algorithm
The proposed algorithm embarks on the wireless fall detection process by con-
stantly monitoring and measuring the vertical distance (Vd) between a fixed point
on the body of a patient and the ground. For every measured value of Vd, a direct
comparison is made with a pre-defined range of vertical distances (Vpre) which
are collated in a preceding step by subjecting the patient to key postural orien-
tations which are deemed as fall identifiers. Upon completion of this comparison,
if it is determined that Vd corresponds to a measurement in the Vpre range that
ascertains a fall, the algorithm is designed to trigger an alarm for the system to
send a notification message to a designated Emergency Health Support Contact
(EHSC). The EHSC, who could be the patient’s primary care-giver or a nearby
medical consultant, is sent this notification once a timer which is set to a defined
value of ‘alert’ seconds, has elapsed.
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5.3.1 Measuring Vd
To measure the Vd between a fixed point on the body of the AD patient and
the ground, an Ultra-Wideband (UWB) driven Time Sum of Arrival (TSOA)
localisation scheme is used. With reference to the 3-D position estimation process
detailed in Section 3.4.5.1 and Figure 5.1, the location of this fixed point is
determined by initially splitting the indoor environment which typically takes the
form of a 3-D solution space (x,y,z), into two independent 2-D solution spaces
(x,y) and (y,z) respectively. Post-splitting of the solution space, the location
defining coordinates are then determined using TSOA in the relevant 2-D solution
space.
Figure 5.1: Aerial View of the defined DSS for TSOA localisation
The fixed point on the body of the AD patient is characterised by a passive tag
(PTT) which assumes the form of a wrist band; and the patient is required to
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wear it at all times on their wrist when they are in the desired solution space
(DSS). The DSS refers to an indoor environment that is defined in accordance
with the stringent UWB indoor transmission range limitations which currently is
in the order of tens of meters [21, 23, 24]. Having mentioned that, with reference
to Figure 5.1, the DSS is designed with calculated and deliberate values of Length
(L), Breadth (B); and Height (H) which ultimately ensures that the magnitude of
UWBr never exceeds the desired transmission range of 30 m. Subsequently, the
fall detection problem becomes one of determining the coordinates of the wrist
band as this gives the coordinates of the patients wrist. Based on this and with
reference to the DSS, Vd which was earlier defined as the vertical distance between
a fixed point on the body of the patient and the ground, can be re-defined as the
‘z’ element when the 3-D location of the wrist band is determined using the UWB-
driven TSOA localisation scheme. With reference to Figure 5.1, it is quite clear
that the ‘z’ element of the 3-D location of the wrist band is only determined when
the (y,z) solution space is solved in 2-D. Hence it suffices to conclude that for this
fall detection application, solving the (x,y) solution space becomes redundant.
Solving for Vd in (y, z) solution space: Essentially, 2-D TSOA localisation is
achieved by arranging a minimum of four reference nodes in a DSS, carefully
pairing them; and thereafter making coordinate defining measurements based on
signal propagation between these pairings.
Each pairing defines an ellipse that has a coordinate which defines the 2-D
coordinate of the node of interest (NOI) [7, 19]. To determine the absolute value of
this coordinate, multiple ellipses are defined and the intersection of them all yields
this absolute value. In most cases, it is enough to consider only three reference
node pairings (i.e. only three ellipses are defined) because the intersection of
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their defined ellipses will always leads to one unique coordinate namely the 2-D
location of the NOI. In this work, the determined 2-D coordinate of the NOI
implies the 2-D location of the wrist band (i.e. PTT). As Figure 5.2 depicts, for
each relevant pairing, the PTT based wrist band transmits an UWB signal x(t) to
the two reference nodes in the pairing. The arrival times of x(t) at both reference
nodes are identified; and the signal travel distances (DPTT−Rx1 and DPTT−Rx2)
are determined respectively by multiplying these arrival times with the speed of
light (c). The sum of the resultant distances is called the ‘range sum’; and it is
used to define the ellipse. Equation 5.1 gives the general equation of ellipse E1
where a1 which is the semi major axis of the ellipse is defined as half of the range
sum. In turn, b1 which is the semi minor axis of E1 is defined in accordance with
the description depicted in Figure 5.2.
Y0
TA0Y0 + B0
TY0 + c0 = 0 (5.1)
where Y0 =
x
y
 ,A0 =
a00(0) = b12 a01(0) = 0
a01
(0) = 0 a11
(0) = a1
2
 ,
B0 =
b0(0) = −2h1b12
b1
(0) = −2k1a12
 ,
c0 = h1
2b1
2 + a1
2k1
2 − a12b12
With three ellipses defined based on three relevant pairings, the 2-D coordinate of
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Figure 5.2: Time Sum of Arrival (TSOA) ellipse generation
the PTT becomes the unique intersection point of the ellipses. Consequently, the
z element of the intersection coordinate becomes Vd. Algorithm 3 (in Appendix
A) illustrates the coordinate determining process based on the three defined el-
lipses. ‘rangesuma’, ‘rangesumb’ and ‘rangesumc’ are the respective range sum
measurements for the specified pairings. Meetpoint(E1,E2,E3) defines the unique
intersection point of the three ellipses; and ultimately the coordinate of Vd.
5.3.2 The Vd range
As Figure 5.3 depicts, the two key postural orientations deem as fall identifiers are
‘standing’ and ‘sitting’. These postural orientations are deemed as fall identifiers
because of the rapid deterioration in the cognitive functions of an AD patient, they
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will always be at a greater risk of falling whenever they are in a non-lying postural
orientation [123–127]. Furthermore, because ‘standing’ and ‘sitting’ encompasses
all other non-lying postural orientations when postural activities (i.e. walking
and running) are performed, these fall identifiers are instrumental in the time
characteristic modelling process of non-lying postural orientations. For example,
when a patient performs either the walking or running postural activity, with
respect to the ‘standing’ postural orientation, these activities can be intuitively
modelled as a standing orientation that spans for a time duration of t = t0 : t0
+ α for walking; and t = t0 : t0 + β for running
3
Figure 5.3: Taxonomy of postural activities
This intuitive modelling is possible because the postural orientation associated
with either the running and walking postural activity when we consider Vd mea-
surements, will always be likened to standing. For both cases of standing and
3α and β are arbitrary integer values that define the time it takes the postural activity to
be completed. For example, with t0 being the initial time (i.e. t0 = 0), it takes the patient α
seconds to walk and β seconds to run.
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sitting by a patient, an upper boundary on their respective Vpre is defined as the
distance between the ground and the wrist band when the arm which has the
wrist band on it is extended all the way to the top. In turn, the lower boundary
is defined as the distance between the ground and the wrist band when the arm
which has the wrist band on it is extended all the way down. h21 and h22 are the
upper and lower boundaries for the standing postural position respectively while
h31 and h32 are the upper and lower boundaries for the sitting postural position
respectively.
At this junction, two key terms namely a ‘fall suspicion’ and a ‘true fall’are
defined. A fall suspicion is defined as an event whereby an AD patient’s real time
Vd measurement becomes less than h32. A Vd < h32 measurement suggests that
the patient is assuming an almost unnatural postural orientation which in itself
doesn’t ascertain a fall but becomes a worry if it remains the same for a long dura-
tion. Quantifying this long duration facilitates the translation of a fall suspicion
into a true fall. A fall suspicion becomes a true fall when the Vd measurement
remains less than h32 for a duration of a specified time of ‘alert’ seconds. This
timed measurement inadvertently mimics a scenario whereby the AD patients has
fallen and does not recover within the given critical time constraint. According
to [123, 128], Figure 5.4 illustrates all the typical fall scenarios; and characterises
them according to the expected result an ideal fall detection system should give.
For this work, we focus on the 8 defined unrecovered falls (i.e. falls without
recovery). Each of the defined unrecovered falls end up with the AD patient
either lying flat on the floor or being in a lateral position (i.e. lying sideways),
and hence it is sufficient to translate the Vd during those 8 instances to measure-
ments that are always less than h32. Algorithm 4 depicts the main fall detection
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algorithm; and its functionality is as thus. Essentially, all through the day, the
algorithm constantly receives the Vd measurement from function TSOA(null) and
compares it with pre-defined h32 value as previously explained. If it is detected
that Vd is less than h32, the timer ‘alert’ seconds is triggered. Upon the elapsing
of the timer, the algorithm check compares the measurement once again; and if
Vd remains less than h32, the EHSC is immediately notified.
Figure 5.4: Fall detection evaluation scenarios
5.4 Simulation and Results
With the fall detection algorithms’s successful execution depending primarily on
the employed TSOA technique, a test of the effectiveness of TSOA in the defined
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DSS becomes a requirement because it also inadvertently acts as an indicator of
the fall detection algorithm’s effectiveness.To test the effectiveness of TSOA, the
widely used test parameter namely the MSE is invoked [99]. The MSE of a known
estimator (i.e. TOA, TSOA, TDOA) in a DSS is defined as the scalar difference
between the true value of the parameter under test and its implied value which
is given by the estimator; and expressed in [99], it is represented mathematically
MSE(θi=y,z) = E[(θ
′
i=y,z − θi=y,z)
2
] (5.2)
by equation 5.2. where ‘i’ refers to the element in the solution space that is under
test (i.e. y or z), θi=y,z refers to the true value of the element and θ
′
i=y,z refers to
the implied value of the element . The realistic TSOA measurement error variance
is modelled as a random variable of normal distribution (i.e. N(0, σ2)); and 1000
random samples is generated per σ. The σ range is defined in accordance with
an indoor localisation accuracy that spans from 0.03 m and 0.3 m (i.e. 0.1 ns
to 1 ns). Essentially, this defined range mimics the influence of signal noise (i.e.
multipath propagation, interference) when the TSOA measurement is carried out
in a relatively noise-free environment up until an extremely noisy environment.
For this effectiveness test, we randomly select six (6) possible known locations
of the PTT; and these locations are (12,0.9), (10,0.5), (12,0.4), (13,0.95), (8,0.7),
(9,0.2). For each known location, x(t) is propagated from the PTT to the relevant
reference node pairing as described in Section 5.3.1; and their respective arrival
times is determined. The determined arrival times are added to every defined
σ value in the range and the rangesum is determined. This process is repeated
for two more reference node pairings; and consequently, the implied value of the
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PTT’s coordinate is determined according to Algorithm 3. Figure 5.5 depicts the
MSE values for the σ range when both the true values and the implied values
of the PTT are considered. With the maximum MSE value obtained when all 6
locations are considered within the defined σ range being approximately 0.0007
metres, it is clear that the TSOA algorithm is very effective amidst the defined
realistic TSOA measurement error variance; and hence the effectiveness of the
overall fall detection algorithm is assured.
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Figure 5.5: Mean Squared Error (MSE) for multiple PTT Locations
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5.5 Conclusions
5.5.1 Summary
In conclusion, a novel fall detection algorithm that is aimed at detecting unre-
covered falls suffered by AD patients has been presented and explicitly detailed.
With the presented algorithm being predominantly driven by indoor position esti-
mation, the typically unvoiced TSOA technique is employed as the driving force.
By means of a series of MSE analyses, the effectiveness of TSOA in a range of
noisy environments has been shown; and this inadvertently serves as a means of
validation of the fall detection algorithm.
5.5.2 Contributions
The main research contributions presented in this chapter so far can be sum-
marised as follows:
• A novel method of detecting falls by Alzheimer’s Disease Patients using
UWB-based position estimation techniques.
These research contributions have been documented and reported in a technical
letter titled “A Novel UWB-driven Fall Detection algorithm for determining un-
recovered falls of Alzheimer’s Disease (AD) Patients”. The letter has been sent
to the IET Healthcare Technology Letters for possible publication and a decision
relating to this is imminent.
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Chapter 6
Conclusions and Future Research
Directions
6.1 Conclusions
Undoubtedly, the utilisation of indoor position estimation techniques to success-
fully complete specific tasks is an appealing choice for modern multidisciplinary
applications that have an element of object localisation in them. For most of these
applications, being able to accurately estimate the position(s) of their respective
OOI’s does not necessarily complete the desired task. However, its successful
completion is significantly reliant on an accurate estimate of the OOI. To this
effect, research work into enhancing the accuracy levels of conventional position
estimation techniques is constantly gathering momentum. For time-based posi-
tion estimation systems, it has been widely proven in literature that along with
UWB’s other inherent properties, its comparatively large frequency spectrum and
very high time-domain resolution makes it a prime candidate to be the technology
enabler which guarantees accurate position estimates of the OOI. However, with
the UWB technology being relatively new in the commercial scene, it is still in
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the process of living up to its future promise. From a position estimation vantage
point, for UWB to fully live up to its projected potential, the factors that affect
the accuracy of time-based position estimation systems which are UWB driven,
need to be addressed. In no particular order, the main factors are the multipath
propagation, MAI and NLOS. For the entirety of the research work presented in
this thesis, the multipath propagation issue has been singled out and addressed.
The existence of multipath propagation which is a direct consequence of the
interaction of the transmitted UWB signal with different objects in the defined
propagation environment results in the reception of multiple copies of the re-
ceived signal at the receiving end. With multiple copies received, it becomes a
cumbersome task to identify the relevant copies of the received signals that are
required to complete the position estimation task. In most cases, the propagation
scenario is assumed to be two-path1 and this significantly reduces the number of
received signals to two. This reduction is very beneficial to conventional position
estimation techniques because the range or proximity measurements required to
implement them become quite trivial to determine. In a practical environment
however, the two-path scenario is not readily obtained due to the ever-presence
of objects with different inherent properties. To this effect, in Chapter 3, a pre-
localisation algorithm that ultimately aims to convert the practical propagation
scenario from multipath to two-path has been proposed in this thesis. Through
a series of sampling, template creation and matching, the proposed algorithm
utilises the unique electrical properties of the transmitted UWB signal as well
as its reflection coefficient to distinguish between the signals that have inter-
1Barring the OOI, the other objects in the environment are neglected in a two-path propa-
gation scenario, hence the multiple copies of the received signal are omitted.
145
Conclusions and Future Research Directions
acted with the OOI from those that have interacted with other objects in the
environment. The distinguished signals are then subsequently used to determine
the range or proximity measurements required for position estimation using the
specified technique. Following the propagation scenario conversion, the mode
of deployment of the transmitter and receivers for position estimation using the
UWB-driven EL positioning scheme was addressed. It has been shown that by
properly considering the placement and deployment of the relevant transmitter
and receivers as well as the UWB signal transmission range, the EL positioning
scheme could be achieved notably more accurately using a reduced number of
receivers.
In Chapter 4, a novel position estimation technique has been presented. In
contrast to conventional techniques, the proposed technique which is coined as
TROA estimates the position of the OOI without the requirement for it to be
either active or semi-passive; or have either an active or semi-passive component
that facilitates signal propagation. The reflection properties of the employed
UWB signal ensures that the OOI remains wholly passive. As it has been shown,
based on a series of range or proximity measurements obtained from the required
number of transmitter-receiver combinations, the 2-D estimate of the OOI’s po-
sition is determined as the intersection point of three ellipses. When compared
to TOA and TSOA by means of a series of MSE analyses, it has been shown
that TROA offers a better level of accuracy. It has also been shown by means
of CRLB derivation and analysis that the proposed technique achieves a good
performance when the MSE and CRLB values are considered.
In Chapter 5, a fall detection technique that is based on the operating prin-
ciples of position estimation has been presented. As it has been described, the
146
Conclusions and Future Research Directions
reliance of the algorithm on an accurate estimate of the wristband being worn by
the PIC results in the performance evaluator of the algorithm being that of the
employed position estimation technique. To that effect, the performance of the
employed TSOA has been determined by means of an MSE analysis.
6.2 Future Research Directions
To extend and enrich the research work presented in this thesis, the following
research directions are suggested:
• TROA which has been presented in Chapter 4 has been shown to have
a comparatively good position estimation performance when the location
of a single NOI is required. One possible extension to this work would
be to investigate the effect of transmitter/receiver placement in the O2SS
on the accuracy of TROA. The ultimate aim of this would be to identify
the transmitter/receiver placement that would lead to the highest level of
position estimation accuracy.
• With the localisation and monitoring of multiple patients in facilities such as
care homes and hospital wards being the target application area, another
possible extension to this work would be to extend TROA’s positioning
capabilities from a single NOI to multiple NOI’s. With each patient fitted
with a wrist-band which have dissimilar electrical properties, intuitively, it
would possible to distinguish and identify individual targets when the S2
scattering centre described in Chapter 4 is once again considered.
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Algorithm 1 Proposed 2-D Elliptical Localisation (EL)
1: procedure PositionEstimate
2: (xnoi, ynoi) = (0, 0) . Parameter Initialization
3: rangsuma = 0; rangesumb = 0
4: trigger ← datestr(now, ‘hh:mm:ss’)
5:
6: while trigger 6= ‘24:00:00’ do
7: rangesuma ← prelocalise(Tx-Rx1)
8: plot(E1, rangesuma)
9: rangesumb ← prelocalise(Tx-Rx3)
10: plot(E2, rangesumb)
11:
12: y(1) = meet1(E1, E2) . 1st Intersection Point
13: z(1) = meet1(E1, E2)
14: y(2) = meet2(E1, E2) . 2nd Intersection Point
15: z(2) = meet2(E1, E2)
16: if x(1) > 0 && y(1) > 0 then
17: xnoi ← x(1); ynoi ← y(1)
18: else if x(2) > 0 && y(2) > 0 then
19: xnoi ← x(2); ynoi ← y(2)
20: end if
21:
22: return (xnoi, ynoi) . NOI’s Coordinate
23: end while
24: end procedure
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Algorithm 2 Determine NOI’s Coordinate using TSOA Multilateration
1: procedure TsoaMultilateration
2: (xnoi, ynoi) = (0, 0) . Parameter Initialization
3: trigger ← datestr(now, ‘hh:mm:ss’)
4:
5: while trigger 6= ‘24:00:00’ do
6: x(1) = meet1(E1, E2) . 1st Intersection Point
7: y(1) = meet1(E1, E2)
8: x(2) = meet2(E1, E2) . 2nd Intersection Point
9: y(2) = meet2(E1, E2)
10: x(3) = meet3(E1, E3) . 1st Intersection Point
11: y(3) = meet3(E1, E3)
12: x(4) = meet4(E1, E3) . 2nd Intersection Point
13: y(4) = meet4(E1, E3)
14:
15: if x(1) == x(3) && y(1) == y(3) then
16: xnoi ← x(1) ← x(3); ynoi ← y(1) ← y(3)
17: else if x(1) == x(4) && y(1) == y(4) then
18: xnoi ← x(1) ← x(4); ynoi ← y(1) ← y(4)
19: else if x(2) == x(3) && y(2) == y(3) then
20: xnoi ← x(2) ← x(3); ynoi ← y(2) ← y(3)
21: else if x(2) == x(4) && y(2) == y(4) then
22: xnoi ← x(2) ← x(4); ynoi ← y(2) ← y(4)
23: end if
24:
25: return (xnoi, ynoi) . NOI’s Coordinate
26: end while
27: end procedure
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Algorithm 3 PPT’s Vertical Distance Algorithm
1: procedure TSOA(null)[z]
2: (ynoi, znoi) = (0, 0) . Parameter Initialization
3: rangsuma = 0; rangesumb = 0; rangesumc = 0
4: trigger ← datestr(now, ‘hh:mm:ss’)
5:
6: while trigger 6= ‘24:00:00’ do
7: rangesuma ← rangesum(PTT,Rx2,Rx3)
8: plot(E1, rangesuma) . Ellipse E1 Definition
9: rangesumb ← rangesum(PTT,Rx3,Rx4)
10: plot(E2, rangesumb) . Ellipse E2 Definition
11: rangesumc ← rangesum(PTT,Rx3,Rx5)
12: plot(E3, rangesumc) . Ellipse E3 Definition
13:
14: (ynoi, znoi) = meetpoint(E1, E2, E3)
15: return (ynoi, znoi) . PPT’s Coordinate
16: end while
17:
18: Vd ← znoi
19: return Vd . PTT’s Vertical Distance
20: end procedure
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Algorithm 4 Fall Detection Algorithm
1: procedure FD(null)
2: while trigger 6= ‘24:00:00’ do
3: Day ← datestr(now, ‘dddd’)
4: Date ← datestr(now, ‘dd-mmm-yyyy’)
5: Time ← datestr(now, ‘hh:mm:ss’)
6: h32 ← ‘xx’
7: znoi ← TSOA(null)
8: alert ← ‘xx:xx:xx’
9: StartTime ← Time
10:
11: if znoi < h32 then
12: while (StartTime - Time) 6= alert do
13: Time
14: end while
15: if znoi < h32 then
16: ALERT RAISED AT EHSC!!
17: break
18: else
19: end if
20: end if
21: trigger ← datestr(now, ‘hh:mm:ss’)
22: end while
23: end procedure
24:
25: main
26: znoi= 0.00 . Parameter Initialization
27: trigger ← datestr(now, ‘hh:mm:ss’)
28: FD(null)
29: end main
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Appendix B
Derivation of CRLB for TROA
A set of random data z with parameter of interest x are considered and it is
assumed that the probability density p(z;x) satisfies the regularity condition:
E{∂ ln p(z;x)
∂x
} = 0 (1)
Where the ensemble mean is taken with respect to p(z;x). The variance of any
unbiased estimator must satisfy the following inequality, for every parameter x
to be estimated [99]:
var(x) ≥ 1
E{∂ ln p(z;x)
∂x
}2 (2)
The denominator in the above expression is called Fisher Information J(x) for
the data x resulting in the following expression:
J(x) = −E{∂
2 ln p(z;x)
∂x2
} (3)
It follows that when the CRLB is achieved, the variance equals the inverse of
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the Fisher information. Intuitively, the more information we have, the lower
the CRLB is. J(x) has the property of a mesure of information, hence it is
non-negative and additive in the case of independent observations. The CRLBs
provide a lower bound on the covariance that is asymptotically achievable by any
unbiased estimation algorithm. To study the efficiency of the proposed TROA ap-
proach, the MSEs of the parameter estimation is compared to their corresponding
Crame´r-Rao lower bounds (CRLBs). Letting the target location x ∈ R2 be the
parameter of interest and xˆ be an estimate of it obtained from the measurement
vector z. The error covariance E[(xˆ− x)(xˆ− x)T ] is bounded below by:
E[(xˆ− x)(xˆ− x)T ] ≥ J−1 (4)
J = E[∇x ln p(z|x)(∇x ln p(z|x))T ] (5)
where E[.] determines the expectation value.
Additionally the unknown time of emission t0 is to be estimated. Therefore, for
position estimation, the parameter of interest is the extended position state of
the emitter:
x(+) = (t0, x
T )T ∈ R3 (6)
Given the measurement vector zt, the CRLB for TROA position estimation for
one time step is computed from the inverse of the Fisher information for TROA,
153
a 3× 3 matrix:
Jt =
∂hTt
∂x(+)
R−1t
∂ht
∂x(+)
(7)
The Jacobian of the measurement function is:
∂ht
∂x(+)
=

∂h1
∂t0
∂h1
∂x
∂h1
∂y
∂h2
∂t0
∂h2
∂x
∂h2
∂y
∂h3
∂t0
∂h3
∂x
∂h3
∂y
 =

c x−x1
r1
y−y1
r1
c x−x2
r2
y−y2
r2
c x−x3
r3
y−y3
r3
 (8)
The computation of the FIM follows as:
Jt =

c c c
x−x1
r1
x−x2
r2
x−x3
r3
y−y1
r1
y−y2
r2
y−y3
r3
×

1
σ21
0 0
0 1
σ22
0
0 0 1
σ23
 (9)
×

c x−x1
r1
y−y1
r1
c x−x2
r2
y−y2
r2
c x−x3
r3
y−y3
r3

=
3∑
i=1

c2
σ2i
c
σ2i
x−xi
ri
c
σ2i
y−yi
ri
c
σ2i
x−xi
ri
1
σ2i
(x−xi)2
r2i
1
σ2i
(x−xi)(y−yi)
r2i
c
σ2i
y−yi
ri
1
σ2i
(x−xi)(y−yi)
r2i
1
σ2i
(y−yi)2
r2i

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The Fisher information can be expressed by:
Jt =

J11 J12 J13
J21 J22 J23
J31 J32 J33
 =
 Jt Jt,pos
Jpos,t Jpos
 (10)
where Jpos is the Fisher information of the position space, Jt The FIM of the
time space and the others are the cross terms. The CRLB of the position space
can be computed using the matrix inversion lemma [99]. The time of emission is
treated as nuisance parameter. It can be shown that Jpos = J∆ti , i = 1, . . . , 3.
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